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ABSTRACT
Connected and Autonomous Vehicles (CAVs) aim to transform transportation by improv-

ing safety, efficiency, and accessibility. However, the sensing and decision-making capabilities
of individual vehicles remain fundamentally constrained by limited sensor range, occlusions,
and adverse environmental conditions. Collaborative sensing, where vehicles and infrastruc-
ture share perception and map information, has emerged as a key paradigm to overcome
these limitations. Despite rapid research progress, practical deployment of collaborative
sensing faces four major challenges: (1) scalable and efficient vehicular network support, (2)
robustness to temporal inconsistencies and incomplete observations from individual vehicles,
(3) robustness to spatial–temporal misalignment under network imperfections, (4) large-scale
and continually updated high-definition (HD) map construction for vehicle navigation.

This dissertation presents a systematic study of robust and scalable collaborative sensing
for connected autonomous vehicles, spanning network system design, robust multi-agent per-
ception and global HD map construction. First, we design a hybrid Vehicle-to-Vehicle (V2V)
and Vehicle-to-Infrastructure (V2I) collaborative perception framework that improves band-
width efficiency, scalability, and real-time performance through helper–helpee assignment
and deadline-aware merging. Second, we address robustness to temporal asynchrony in dis-
tributed perception. In real-world deployments, vehicles observe and transmit information
at different times due to unsynchronized sensors, heterogeneous computation pipelines, and
communication delays. We develop predictive modeling and temporal alignment mechanisms
that compensate for stale, missing, or delayed observations, enabling consistent collaborative
perception under asynchronous conditions. Third, we tackle robustness to spatial–temporal
misalignment across vehicles under realistic communication imperfections. Even small dis-
crepancies in pose estimation, dynamic motion evolution, or coordinate frame alignment
can significantly degrade multi-agent fusion. We propose unified spatial–temporal feature
recovering and attention mechanisms that jointly model geometric uncertainty and dynamic
scene evolution, enabling reliable collaborative perception under cross-agent misalignment
and network uncertainty. Lastly, we introduce a scalable vehicle–cloud framework for crowd-
sourced global HD map construction using sparse graph fusion, selective sensing, and con-
tinual change detection, enabling bandwidth-efficient and dynamic map maintenance.

xiv



Together, these contributions establish robustness, scalability, and cross-layer co-design
as fundamental principles for collaborative autonomous driving systems. This dissertation
bridges mobile systems, multi-agent perception, mapping, and AI-driven autonomy, pro-
viding practical foundations for safe and large-scale deployment of connected autonomous
vehicle applications.

xv



CHAPTER 1

Introduction

Connected and autonomous vehicles (CAVs) [22, 21] are poised to revolutionize mobility
by improving safety, efficiency, and accessibility. Autonomous driving has made remarkable
progress over the past decade, driven by advances in high-resolution sensors, deep learning-
based perception, and large-scale datasets. Modern autonomous vehicles can detect objects
(i.e., perception), track agents, and plan trajectories with increasing reliability. However,
despite rapid advances in onboard perception and autonomy, the sensing capabilities of a
single vehicle remain inherently limited. Sensors such as LiDAR and cameras [29] provide
only a limited field of view, are prone to occlusions, and often degrade under adverse weather
or lighting conditions. These limitations restrict situational awareness and can lead to safety-
critical failures in complex traffic environments.

Collaborative sensing [62, 61, 163, 208, 209, 228] has emerged as a promising paradigm
to overcome these challenges. By enabling vehicles and roadside infrastructure to share
complementary sensing information, including LiDAR point clouds [18], camera images,
and intermediate feature representations, collaboration significantly extends the perception
range [62, 210] of individual vehicles and mitigates occlusions [227, 101] (named collaborative
vehicular perception, CVP for short). Beyond perception, shared information can also sup-
port more accurate mapping of driving environments and enable vehicles to plan behaviors
more safely and efficiently. As such, collaborative sensing represents a key enabler for the
next generation of connected and autonomous driving.

Collaborative sensing systems for CAVs consist of two main components: a wireless ve-
hicular network system [111, 149] and AI-powered sensing applications such as object
detection [120], High-definition map (HD map) detection [127], and path planning [69]. Both
of these two components play a vital role in promoting automated and intelligent transporta-
tion systems. For example, a vehicular network system must provide sufficient bandwidth
and low latency to support real-time sharing across CAV agents. These systems are typically
built upon wireless communication standards such as Dedicated Short-Range Communica-
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tions (DSRC) [111] and cellular V2X (C-V2X) [192]. Meanwhile, sensing applications must
coordinate heterogeneous sensing data from multiple vehicles to extract important infor-
mation efficiently. Moreover, the interplay between the network system and the
sensing application determines the overall effectiveness of collaborative sensing: network
constraints (e.g., bandwidth, latency, packet loss) directly shape which sensing data can be
shared, while application-level requirements (e.g., perception accuracy) dictate the priorities
and optimizations needed at the network layer.

1.1 Challenges

Despite extensive research in collaborative perception algorithms, its practical deployment
faces fundamental challenges, where my research emphasizes and aims to solve.

First, scalability of vehicular networking. Collaborative perception requires frequent data
exchange among multiple vehicles and infrastructure nodes under strict latency constraints.
Näıvely sharing raw sensor data or dense feature maps quickly overwhelms wireless band-
width and leads to unstable performance under dynamic traffic density. Efficient network-
level coordination and bandwidth-aware scheduling are therefore essential.

Second, robustness to temporal inconsistencies and incomplete observations. In real-world
deployments, vehicles do not observe or transmit information synchronously. Sensor capture
rates differ, onboard processing pipelines introduce variable latency, and communication
delays further desynchronize shared data. As a result, collaborative systems must operate
under temporally stale, missing, or partially received information. Without explicit modeling
of temporal asynchrony, fusion performance can degrade significantly.

Third, robustness to spatial–temporal misalignment under network imperfections. Col-
laborative perception also relies on accurate spatial alignment across vehicles. In practice,
packet loss, variable transmission delays, partial feature reception, localization noise, and
dynamic scene evolution introduce inconsistencies in both space and time. Even small pose
discrepancies or missing intermediate updates can severely impact multi-agent feature fu-
sion. Robust mechanisms are needed to recover reliable cross-agent representations under
communication imperfections and geometric uncertainty.

Fourth, scalable and continuously updated high-definition (HD) map construction. Be-
yond real-time perception, CAVs require accurate HD maps for localization and long-term
navigation. Constructing and maintaining such maps at city scale demands efficient aggre-
gation of crowd-sourced observations while minimizing communication overhead. Further-
more, maps must adapt to dynamic environmental changes without requiring centralized,
high-bandwidth data collection.

These challenges span multiple layers of the autonomous driving computing stack, from
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wireless networking to perception algorithms and cloud-based mapping systems. Addressing
them requires a cross-layer perspective rather than isolated solutions. In summary:

My research aims to improve robustness, scalability, and performance of collabo-
rative autonomous driving systems, given the challenge of practical constraints across
multiple system layers.

1.2 Summary of Contributions

Although primarily focusing on autonomous driving, my research is multifaceted and in-
terdisciplinary, which involves three key components spanning AI, network systems, and
cyber-physical system domains. To this end, this dissertation explores four subareas in
the interdisciplinary space: (1) network system support for collaborative vehicular percep-
tion (CVP) applications; (2) temporal robustness of CVP; (3) designing a robust AI model
for CVP; (4) collaborative and distributed mapping support for autonomous driving. The
remainder of this chapter will summarize the core contributions of each section of research.

1.2.1 Network System Support for Collaborative Vehicular Per-
ception

A fundamental prerequisite for collaborative vehicular perception is a network system capa-
ble of sustaining real-time, high-throughput data exchange among distributed agents under
dynamic traffic conditions. Existing CVP systems adopt either a vehicle-to-vehicle (V2V)
or vehicle-to-infrastructure (V2I) paradigm, each with well-known limitations: V2V-only
approaches suffer from poor scalability, while V2I-only approaches are susceptible to the in-
herent unreliability and heterogeneity of cellular uplink connectivity in urban environments.

Hybrid networked system for CVP. In this dissertation, we design Harbor [237], a
first-of-its-kind hybrid CVP framework. Harbor [237] adopts V2I as its underlying frame-
work and opportunistically employs V2V to bridge vehicles with poor cellular connectivity,
enabling them to relay their LiDAR point clouds to an edge server through nearby helper
vehicles. We formulate well-connected vehicles as helpers, relaying point cloud data from
poorly connected helpees to an edge server, which performs sensor fusion and perception.
We formulate the helper-helpee assignment as a weighted bipartite b-matching problem that
jointly accounts for V2V distance, wireless interference, and V2I bandwidth constraints, and
solve it efficiently in polynomial time to support real-time assignment updates under dy-
namic traffic topologies. We evaluate Harbor through real-world driving tests at Mcity and
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large-scale emulations with up to 100 vehicles. Harbor improves object detection accuracy
by up to 36% and reduces end-to-end latency by 18%–57% over V2V- and V2I-only base-
lines, and enables the ego vehicle to react 0.5–0.7 seconds earlier across all four safety-critical
scenarios evaluated with Baidu Apollo [22].

1.2.2 Robustness to Temporal Inconsistencies in CVP

Another fundamental challenge in real-world collaborative vehicular perception is that ve-
hicles capture and transmit sensor data asynchronously. Differences in CAV sensor config-
urations introduce unavoidable inter-vehicle time gaps, while data processing and wireless
transmission add further arrival delays. To address this, we develop RAO [227], a real-time
asynchronous occlusion-aware cooperative perception system. RAO introduces two novel de-
signs: (1) motion-compensated occupancy flow prediction, which synchronizes LiDAR point
clouds from different vehicles to a common future timestamp by tracking non-ground object
clusters and estimating their motion via point cloud registration across consecutive frames;
and (2) consumer-centric on-demand data scheduling, which allows each vehicle to accurately
identify its own occluded areas and proactively request targeted LiDAR data from produc-
ers, overcoming the inaccurate blind spot estimation of prior producer-centric approaches
and save network bandwidth. Evaluated across real-world and simulated datasets, RAO
improves perception coverage by 34% and perception accuracy by up to 14% over state-of-
the-art baselines under asynchronous settings while sharing only 10.9 KB of data per frame
on average.

1.2.3 AI Solution for Spatial–temporal Misalignment under Net-
work Imperfections in CVP

Practical deployment of collaborative perception must contend with a confluence of system-
layer imperfections that prior work has addressed only in isolation: packet loss in V2X wire-
less networks corrupts shared intermediate feature maps, GPS localization errors introduce
spatial misalignment across agents, and clock deviation combined with network delay causes
temporal misalignment during feature fusion. Existing collaborative perception models as-
sume ideal communication environments, and the few that address individual noise sources
fail to account for the structured nature of packet encoding in vehicular networks or the joint
effect of all three imperfections simultaneously. To address this gap, we design an end-to-end
BEV-based intermediate fusion model named SCORPION [236] that co-designs the AI appli-
cation layer with the underlying network and hardware constraints. SCORPION addresses
network packet loss by recovering spatially lost BEV features using a masked autoencoder
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that models the structured geometry of V2X packet encoding. To jointly handle spatial
and temporal misalignment, SCORPION integrates a Deformable Spatial Cross-Attention
module that learns offset locations in misaligned feature maps across agents, and a Tem-
poral Alignment module that aligns historical ego-agent features to the current timestamp
using ego-motion. Under the coexistence of all three noise sources, SCORPION significantly
outperforms state-of-the-art methods by 5.9–13.2 absolute Average Precision in perception.

1.2.4 Crowd-sourcing Multi-vehicle Data for Map Building

Beyond perception, mapping is another important component for autonomous driving, where
CAVs rely on an accurate global high-definition map to perform localization and planning.
Constructing accurate global HD maps from crowdsourced vehicle fleets presents fundamen-
tal scalability challenges that prior work has not adequately addressed. Individual vehicles
suffer from limited sensing range and occlusions, while existing multi-agent fusion approaches
rely on dense, ego-centric BEV representations that are computationally expensive, sensitive
to spatial-temporal misalignment, and poorly suited for global-scale map construction.

In this dissertation, we show GraphMap, a vehicle-cloud framework that shifts from dense
BEV fusion to a graph-based sparse fusion paradigm. GraphMap encodes local vectorized
map observations as sparse semantic graphs and incrementally fuses them on the cloud via a
Type-Aware Structure-Preserving Graph Matching algorithm that handles spatial misalign-
ment and partial overlaps across heterogeneous agents. To reduce communication overhead,
GraphMap incorporates a Selective Map Sensing mechanism that prioritizes uploads from
agents with higher Information Gain. Our experimental findings reveal that GraphMap out-
performs state-of-the-art baselines by 37.2 mAP while reducing communication cost by over
30% and computation overhead by more than 3×.

1.3 Dissertation Organization

The remainder of the dissertation is organized as follows. Chapter 2 provides the background
and related work that contextualize the technical problem domains addressed in this disser-
tation. Chapter 3-6 demonstrate my completed research projects in detail, with summarized
project titles and publication venue in Table 1.1. Lastly, Chapter 7 discusses the potential
future work based on the findings from the chapters in this dissertation and concludes the
work.

Specifically, Chapter 3 introduces the details on designing network system support for
CVP. In chapter 4, we first identify the importance of synchronization in CVP and pro-
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Table 1.1: Summary of projects and their organization in the dissertation.

Scope Project Name / Paper Title Publication
Venue

I: Designing network
system support for
collaborative vehicular
perception

a. Boosting Collaborative Vehicular Per-
ception on the Edge with Vehicle-to-Vehicle
Communication

SenSys’24 [237]

II: Improving
robustness of CVP
under real-world
noises

a. Robust Real-time Multi-vehicle Collabo-
ration on Asynchronous Sensors

MobiCom’23
[227]

b. SCORPION: Robust Spatial-Temporal
Collaborative Perception Model on Lossy
Wireless Network

IROS’25 [236]

III: Building large-
scale HD mapping
support from multi-
vehicle data

a. GraphMap: Scalable Crowd-Sourced
Global Vectorized HD Map Construction
via Sparse Visual Graph Fusion

CVPRW’25 [235]
Full paper in sub-
mission

pose a systematic solution to solve it. In chapter 5, we further extend the horizon of CVP
under various types of realistic noises, and propose a data-driven framework to holistically
solve them with a unified transformer model. Chapter 6 looks beyond the perception ap-
plication, and explores how crowdsourced multi-vehicle data can be leveraged to construct
accurate global HD maps at scale, proposing a graph-based sparse fusion framework that
jointly addresses communication efficiency, spatial-temporal misalignment, and long-term
map maintenance.
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CHAPTER 2

Background

2.1 Autonomous Vehicles

Autonomous vehicles (AVs) are ground vehicles capable of sensing their environment and
navigating without human input, relying on a combination of onboard sensors, computing
hardware, and decision-making software to perform driving tasks. A fully capable AV sys-
tem typically consists of several tightly integrated modules: perception, which processes
raw sensor data such as cameras, LiDAR, and radar to detect and classify surrounding ob-
jects and road elements; localization and mapping, which determines the vehicle’s precise
position within a prior map using techniques such as simultaneous localization and map-
ping (SLAM) or map-based point cloud registration; prediction, which models the future
behavior of dynamic agents such as pedestrians and other vehicles; planning, which gen-
erates future trajectories; and control, which translates planned trajectories into low-level
actuation commands for steering, throttle, and braking. These modules are orchestrated by
high-performance onboard computing platforms that must operate under strict real-time con-
straints and remain robust to the complex and uncertain conditions inherent in real-world
driving. Significant progress in autonomous driving has been demonstrated by a growing
number of industry players: Waymo [40] has deployed fully driverless robotaxi services in
cities such as San Francisco and Phoenix, and Zoox [42] is developing a purpose-built bidi-
rectional autonomous vehicle designed for dense urban environments. On the software side,
commercial stacks such as Uber ATG [39] have pushed the boundaries of large-scale fleet de-
ployment, while open-source platforms including Baidu Apollo [22] and Autoware [21] have
lowered the barrier to entry for research and development.

Among these interconnected modules, perception and mapping play a foundational role
in enabling safe and reliable autonomous driving. Perception provides the real-time un-
derstanding of the surrounding environment upon which all downstream modules depend,
while mapping supplies the static prior knowledge that anchors localization and reduces the
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burden on onboard sensing. In this dissertation, we primarily focus on enhancing the perfor-
mance of these two components – specifically by moving beyond the single-vehicle paradigm
and leveraging inter-vehicle collaboration to overcome the fundamental limitations of on-
board sensing range, occlusions, and map coverage. The following subsections provide more
technical background for these two modules, which serve as the basis for the research con-
tributions presented in later chapters.

2.1.1 Connected and Autonomous Vehicles

Connected and Autonomous Vehicles (CAVs) extend the traditional autonomous vehicle
paradigm by integrating wireless communication capabilities that allow vehicles to exchange
information with other vehicles, roadside infrastructure, and cloud services [114]. Through
communication, CAVs form a distributed network of mobile sensing agents that can col-
laboratively share sensing data, traffic information, and map updates. This connectivity
enables a shift from isolated, single-vehicle autonomy toward cooperative driving systems in
which vehicles jointly reason about the surrounding environment with improved situational
awareness. By leveraging shared observations from multiple viewpoints, CAV systems can
potentially overcome the fundamental limitations of onboard sensing, including restricted
sensor range, occlusions caused by buildings or other vehicles, and limited map coverage.

2.1.2 Perception

Perception is the process by which an autonomous vehicle constructs an understanding of its
surrounding environment from raw sensor data. It encompasses a range of tasks including
3D object detection, semantic segmentation, depth estimation, and object tracking, all of
which are essential for safe navigation. Modern AV perception systems primarily rely on two
sensor modalities: cameras, which provide rich color and texture information, and LiDAR
(Light Detection and Ranging), which produces dense 3D point clouds of the surrounding
scene with precise depth measurements.

LiDAR-based 3D object detection has become a cornerstone of AV perception. Raw
LiDAR point clouds are sparse and unstructured, requiring specialized processing pipelines.
Voxel-based methods such as VoxelNet [232] discretize the 3D space into voxels and apply
3D convolutions, while pillar-based methods such as PointPillars [120] encode points into
vertical columns for faster inference. A widely adopted intermediate representation is the
Bird’s-Eye View (BEV) feature map, which projects 3D point cloud features onto a top-
down 2D grid, providing a consistent spatial reference frame that is well-suited for tasks like
vehicle detection and lane-level localization [131].
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Camera-based perception complements LiDAR by providing dense visual features. Recent
methods lift 2D image features into 3D space using depth estimation or transformer-based
projection, enabling BEV representations to be constructed from camera images alone [131].
Multi-modal fusion approaches that combine LiDAR and camera data further improve detec-
tion accuracy and robustness, particularly in challenging lighting and weather conditions [65].

Despite significant advances, onboard perception remains fundamentally limited by occlu-
sions, sensor range, and environmental noise. These limitations motivate the development
of collaborative perception systems that extend beyond the single-vehicle sensing paradigm,
which will be detailed in later chapters.

2.1.3 Mapping

High-definition (HD) maps are a critical component of autonomous driving infrastructure,
providing centimeter-level geometric and semantic descriptions of the road environment that
go beyond what real-time onboard perception can reliably produce. HD maps typically en-
code lane-level geometry, road boundaries, traffic signs, pedestrian crossings, and other static
road features in structured formats such as OpenDRIVE [37] or NDS [36]. These maps serve
multiple functions in an autonomous driving stack: they support precise vehicle localization
by providing a prior map for sensor-based registration, supply semantic context for planning
and prediction modules, and reduce the real-time perception burden by providing a reliable
static scene representation. Industry leaders have made HD mapping a cornerstone of their
autonomous driving infrastructure: Waymo maintains a proprietary HD map covering its
operational domains that is continuously updated through its fleet of mapping vehicles [41],
while Zoox constructs dense semantic maps of its target urban environments to support its
purpose-built robotaxi [38].

Conventional HD map construction pipelines rely on specialized mapping vehicles
equipped with high-grade LiDAR and GPS systems to collect dense point clouds along
road segments. These raw data are then processed through simultaneous localization and
mapping (SLAM) algorithms such as LeGO-LOAM [173] and LIO-SAM [174] to produce
3D point cloud maps, followed by extensive manual annotation to label semantic elements.
Trained annotators must manually label every lane boundary, road marking, traffic sign, and
static road element across hundreds or thousands of kilometers of road, a process that is not
only labor-intensive and expensive but also inherently error-prone and difficult to scale. Fur-
thermore, once constructed, HD maps require continuous maintenance as road conditions,
lane configurations, and infrastructure change over time.

Recent advances in online HD map construction aim to generate local maps in real

9



time directly from onboard sensor streams with AI models, eliminating the need for of-
fline annotation. Deep learning methods such as HDMapNet [127], VectorMapNet [141],
and MapTR [133] learn to detect vectorized map elements – represented as polylines and
polygons – from camera or LiDAR inputs within a local perception range around the ego
vehicle in real-time. These vectorized representations are compact, semantically structured,
and compatible with downstream planning modules, making them increasingly adopted in
production autonomous driving systems [134, 221]. Nevertheless, despite these research
advances, widespread production deployment remains limited, as the vehicle’s local sens-
ing range fundamentally constrains onboard map construction and remains susceptible to
incomplete or erroneous map elements in occluded regions

2.2 Vehicular Networks

2.2.1 Vehicle-to-Infrastructure Network

Vehicle-to-Infrastructure (V2I) communication refers to the wireless exchange of data be-
tween vehicles and fixed roadside entities such as base stations, roadside units (RSUs), and
edge servers. V2I communication leverages both dedicated vehicular communication stan-
dards and general cellular infrastructure. On the cellular side, LTE and 5G NR provide broad
geographic coverage and high peak throughput, with 5G in particular offering significantly
improved bandwidth, reduced latency, and support for massive device connectivity [153].
Cellular V2X (C-V2X) [5], standardized under the 3GPP Release 14 framework, provide
low-latency broadcast communication designed specifically for safety-critical vehicular ap-
plications in the 5.9 GHz band.

In practice, V2I links exhibit significant variability in throughput and reliability, pos-
ing challenges for latency-sensitive collaborative driving applications. Real-world measure-
ment studies have confirmed that 5G vehicular links experience considerable fluctuations in
throughput, latency, and packet loss under typical driving conditions [85, 153]. The variabil-
ity reflects the dynamic nature of vehicular channels, where signal quality fluctuates with
vehicle speed, obstruction, and network load. Vehicular communication commonly adopts
UDP [162] as the underlying transport protocol to minimize transmission latency [52, 51].
Studies have shown that TCP [81], which relies on connection-oriented retransmission, suffers
severe performance degradation or outright failure under high vehicle speeds and dynamic
link conditions [71], making it poorly suited for time-critical vehicular data exchange. Unlike
TCP, UDP provides no retransmission or delivery guarantees, meaning packet loss is an in-
herent and unavoidable characteristic of V2I data transmission. As a result, application-layer
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designs for collaborative perception and mapping must be explicitly engineered to tolerate
and recover from packet loss, rather than assuming reliable data delivery.

Edge computing architectures place compute resources at RSUs or cellular base stations,
enabling vehicles to offload latency-sensitive tasks such as perception and mapping to nearby
servers rather than relying solely on onboard compute [228]. This vehicle-edge-cloud con-
tinuum allows the system to balance the trade-off between communication latency, compu-
tation cost, and result accuracy, and is increasingly adopted as the deployment architecture
for large-scale collaborative autonomous driving applications.

2.2.2 Vehicle-to-Vehicle Network

The primary standard for dedicated V2V communication is DSRC, based on the IEEE
802.11p physical layer [111], which operates in the 5.9 GHz band and provides a channel
bandwidth of 10 MHz, yielding a maximum physical-layer data rate of 27 Mbps, though effec-
tive application-layer throughput is considerably lower in practice due to protocol overhead
and channel contention. As introduced in the V2I context, C-V2X also extends to direct V2V
communication through its PC5 sidelink interface defined in 3GPP standards [193], making
it a unified standard capable of supporting both vehicle-infrastructure and vehicle-vehicle
communication within a single framework. Both DSRC and C-V2X are designed for low-
latency broadcast communication, supporting safety-critical applications such as cooperative
collision avoidance, platooning, and intersection management.

Like V2I, V2V communication relies on UDP as the primary transport protocol [162, 51],
inheriting the same trade-off between low latency and unreliable delivery. Measured packet
loss rates vary considerably with road type and vehicle density, ranging from approximately
12% in open field scenarios to over 32% on congested rural roads [52]. The Maximum Segment
Size (MSS) for V2X communication is constrained to up to a few hundred of bytes [118, 149,
193], which determines how data payloads – such as encoded feature maps – are partitioned
into network packets and therefore governs the spatial structure of information loss when
packets are dropped.

V2V link quality is also highly dynamic. As vehicles move, the network topology changes
rapidly, leading to intermittent connectivity and fluctuating link reliability between vehicle
pairs [51, 187]. Distance, relative velocity, obstacles, and multipath fading all contribute
to link variability. These characteristics make V2V communication fundamentally different
from infrastructure-based networks and impose unique constraints on the design of applica-
tions that depend on timely and reliable data exchange between vehicles.
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2.2.3 Applications of Vehicular Networks

Vehicular networks enable vehicles and roadside infrastructure to communicate and collab-
orate in real time, supporting a broad range of CAV applications [136, 163, 165]. Early
applications focused on safety-critical messaging [137, 163], such as cooperative collision
avoidance, emergency brake warnings, and intersection management, where low-latency
broadcast communication enables vehicles to react to hazards beyond their individual sens-
ing range. As network bandwidth and onboard computing capabilities have grown, more
data-intensive collaborative applications have emerged, including cooperative object detec-
tion [101, 210, 62, 209, 144], distributed mapping [60], and offloading of compute-intensive
tasks to edge servers. Collaborative vehicular perception (also referred to as cooper-
ative or collaborative perception) is a prominent example, which aims to enhance CAVs’
awareness of the surrounding environment by enabling vehicles to share and fuse comple-
mentary sensor observations in real time. A vehicle’s onboard sensors can miss the detec-
tion of critical objects due to occlusions caused by other obstacles, buildings, or roadside
structures. The occluded object may be detected too late to allow a safe response, pos-
ing significant safety risks. Furthermore, onboard sensors are constrained by a predefined
perception range due to technological limitations, and there are scenarios where this range
is insufficient for conducting safe maneuvers – particularly at high speeds or in complex
intersections. By sharing sensor data or derived representations over vehicular networks,
neighboring vehicles and infrastructure nodes can collectively construct a richer and more
complete view of the shared environment, effectively overcoming these individual limita-
tions. Existing collaborative perception schemes can be grouped in several ways. (1) Data
sharing stage: Early-fusion schemes [62, 163, 228] share raw sensor data in its original for-
mat, offering maximum information fidelity but demanding high communication bandwidth;
feature-level schemes [123, 101, 210, 209] transmit intermediate neural network features ex-
tracted from sensor data, offering a balance between bandwidth efficiency and perception
accuracy; late-fusion schemes [136, 178] share lightweight perception outputs such as ob-
ject bounding boxes, minimizing bandwidth at the cost of fusion flexibility. (2) Network
communication topology: V2V schemes [163, 69, 164] enable decentralized peer-to-peer
sharing directly among vehicles without relying on fixed infrastructure; V2I schemes [228, 47]
leverage roadside units or edge servers to aggregate data from multiple vehicles and distribute
enhanced perception results back to participants. (3) Sensor modality: Collaborative per-
ception can in principle be built on various sensor types [163, 105], though existing works
primarily focus on LiDAR-based representations due to their geometric precision and com-
patibility with 3D object detection pipelines.
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CHAPTER 3

Boosting Collaborative Vehicular Perception on the Edge
with Vehicle-to-Vehicle Communication

3.1 Introduction

Connected and autonomous vehicles (CAVs) use various on-board 3D sensors such as Li-
DAR [18] and stereo cameras [20] to perceive the environment [8, 7]. However, a single
vehicle’s sensing range is limited, and its view can be obstructed by obstacles [88, 144, 67].
To overcome these limitations, Collaborative Vehicular Perception (CVP) [163, 228, 164, 227]
enables multiple vehicles to cooperatively extend their views through wirelessly sharing their
sensor data, as powered by the increasingly mature onboard wireless infrastructure [3, 4, 1].
CVP can boost a wide range of autonomous driving and Advanced Driving Assistance Sys-
tems (ADAS) such as drivable space detection [83, 159] and object detection [120, 218, 177].

Early works of CVP only involve two vehicles sharing their views, relying on a simple
vehicle-to-vehicle (V2V) view exchange paradigm [163, 62]. As researchers realize the im-
portance of larger-scale view sharing, they incorporate edge nodes into CVP systems, which
combine all the views uploaded by participating vehicles and distribute the processed re-
sults back to the vehicles [228, 144, 178]. This centralized vehicle-to-infrastructure (V2I)
paradigm is more scalable from the computation perspective: a powerful cloud server can
efficiently merge multiple vehicles’ views in real-time. The challenges, however, stem from
the unreliable wireless communication. Take the most promising cellular access for V2I as
an example, from the most recent FCC cellular coverage report [12] and National Highway
Traffic Safety Administration’s (NHTSA) fatality analysis reports [9], the average coverage
of major U.S. carriers ranges from 38.5% to 71.6% (rural and urban combined). Another
recent study [129] suggests that “5-bar” 5G connectivity is statistically more unreliable than
weaker signal strength in densely populated urban areas. Our measurement in a major U.S.
city also confirms that onboard cellular (uplink) connectivity is highly heterogeneous. Vehi-
cles may experience very poor performance during urban driving (e.g., 8 to 20 seconds of low
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Figure 3.1: An example of cellular uplink heterogeneity, where the uplink bandwidth of two
carriers is recorded simultaneously at the same place while in urban driving.

uplink bandwidth less than 1 Mbps, see Figure 3.1). Such heterogeneity and unreliability are
inherent due to vehicles’ mobility, which incurs frequent handovers [91], fluctuating channel
quality, and continual interference.

In this paper, we advocate a hybrid design by leveraging the synergy between V2I and
V2V. We instantiate the design into Harbor, a full-fledged CVP framework. Harbor adopts
V2I as its fundamental underlying framework, and opportunistically employs V2V to boost
the performance. As shown in Figure 3.2, when some vehicles (called helpees) have poor
V2I connectivity, other vehicles (called helpers) can relay their sensor data to the edge. The
edge will then merge the views and send processed results (e.g., detected vehicles) back
to the vehicles. Participation in Harbor can be incentivized through enhanced safety and
CAV features, conceptually similar to the recent commercially deployed peer-to-peer CDN
(PCDN)1 infrastructure [200]. Nevertheless, realizing this seemingly straightforward idea
involves making several non-trivial design decisions, as elaborated next.

Partitioning the Workload between the Edge and Vehicles. There exist many
V2X works that bridge V2V and V2I links [155, 192, 186, 195]. Harbor fundamentally differs
from these approaches by not only focusing on improving network connectivity but also
addressing both computation (point cloud merging and detection) and communication. For
communication, as described before, helpers relay traffic for helpees. For computation, we
may also let some helpers merge point clouds for helpees. This design, however, significantly
increases the system complexity and enlarges the attack surface (in contrast, a helpee–
helper–edge communication path can be end-to-end encrypted). Therefore, in Harbor, only
the edge is responsible for merging vehicles’ views. A vehicle can only perform local merging:
merge its own view with the results returned by the edge without further distributing the

1Internet users contribute their under-utilized edge devices as “mini” CDN nodes, which work in con-
junction with traditional centralized CDN nodes.
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Figure 3.2: An example of jointly using V2V and V2I to bridge a disconnected/poor-
performing car (red).

merged view to downstream. The vehicle-side merge can occur when the vehicle’s uploaded
view misses the edge-side merging deadline (to be detailed soon). This design simplifies
Harbor by reducing the solution space and avoiding reconciling the helpee–helper paths of
computation and communication.

Efficient Helper-helpee Assignment. Even with simplified computation flows, mak-
ing helper-helpee assignments needs to consider three types of dynamics: V2V network
connectivity, V2I network connectivity, and vehicle mobility. We formulate helper-helpee
assignment as an optimization problem taking into account the above dynamics. In our
model, a vehicle only sends its lightweight state (location, V2I bandwidth measurements,
etc.) to the edge, either directly or via some helper.2 A challenge here is how to mea-
sure the V2V bandwidth. A näıve approach to sending active probes is not scalable due
to its quadratic complexity. Instead, Harbor introduces a novel approach that uses robust
analytical models of V2V distance and wireless interference to implicitly approximate the
V2V bandwidth, without actually probing it. This leads to an ultra-lightweight control
plane. While it is difficult to precisely solve the above formulation at runtime, we develop
a polynomial-time approximation algorithm based on efficient weighted bipartite matching.
This enables Harbor to frequently update helper-helpee pairs under dynamic, complex traffic
scenarios.

Optimizations to Further Improve Harbor’s Performance. We introduce two
system-level mechanisms to boost Harbor’s performance. On the edge side, the edge server
enforces a deadline to determine when to start the data merging and perception tasks. It
ensures timely delivery of perception results to the vehicles. On the vehicle side, the same
wireless V2V medium is used to carry both the point cloud (uplink) and returned perception
results (downlink). Vehicles properly prioritize between the two types of traffic at the MAC
layer to tackle their unbalanced network resource usage.

Scalable and Lightweight Design. Harbor is designed to be both lightweight and
2The state information (control plane) is much lighter than the point cloud data (data plane). We thus

assume the former can be delivered to the edge (otherwise the vehicle will fall back to offline mode).
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scalable. This is achieved through leveraging V2V to assist V2I in an opportunistic manner.
By utilizing spare V2I resources from vehicles through V2V, Harbor provides lower end-to-
end latency compared to using V2I alone. Additionally, the lightweight control plane design
and polynomial-time approximation optimization for helper-helpee assignment, ensures that
the system can make real-time decisions with low computation overhead. These design choices
make Harbor well-suited for complex traffic scenarios with dynamic network conditions.

We integrate the above components into Harbor, a distributed CVP framework that can
support a wide range of CAV applications. We comprehensively evaluate its performance
through real-world driving tests and emulations over real cellular networks, using two pre-
dominant CAV applications: drivable space detection [159] and object detection [120]. We
highlight the key results as follows.
• Through emulations on various traffic densities, Harbor reduces end-to-end drivable space
detection and object detection latency by 18% to 57% compared to using only V2V or V2I,
without sacrificing the detection accuracy.
• We deploy Harbor and conduct driving tests at a real-world CAV testbed, Mcity [27].
The results reveal abundant opportunities of leveraging V2V in practice: Harbor improves
the object detection and drivable space detection accuracy by 12% on average (up to 36%)
compared to pure V2V- or V2I-based CVP.
•We conduct a larger emulation experiment consisting of 20 to 100 vehicles and demonstrate
that Harbor outperforms the V2V- or V2I-only baselines by an average of 43% and 14% in
detection latency and accuracy under fast-changing traffic topology, showcasing superior
scalability and performance.

Despite the encouraging results above, Harbor does bear several limitations (§3.6.1). We
thus do not claim any “optimality” of our solution (which is also difficult to define given
the highly dynamic, multi-objective, and multi-stakeholder nature of CVP). Instead, we
explore the design space of fusing V2V into the V2I-based CVP design. Through real-world
deployment, we demonstrate that Harbor, a first-of-its-kind hybrid CVP architecture, is
practical, beneficial, and scalable.

3.2 Background and Motivation

Autonomous vehicles rely on various on-board 3D vision sensors to understand the physical
world consisting of road segments, pedestrians, other vehicles, and more, to make driving
decisions. For example, LiDAR [18] is a major on-board vision sensor, which fires laser
lights at different angles and measures how long it takes for the lights to return to the sensor
after reflection from objects. Based on this, LiDAR calculates the distance of these objects
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3 blind spots 2 blind spots eliminated

Single vehicle sensor data Merged view from two vehicles
Figure 3.3: An example showing the benefits of CVP by merging a nearby vehicle’s data
(green) to ego vehicle (blue).

and produces 3D point clouds to represent the surrounding environment. Different software
modules will further process the collected point cloud data and make appropriate driving
decisions.

Collaborative Vehicular Perception. As mentioned in §3.1, collaborative vehicular
perception (CVP) has the potential to benefit autonomous driving by extending its view
by merging sensing information from different vehicles. Figure 3.3 shows an example that
visualizes point cloud data generated from the state-of-the-art autonomous driving simulator,
CARLA [26]. The blue points represent a single vehicle’s data while the green ones represent
data from a nearby vehicle. As illustrated, merging the two point clouds eliminates two of
the three blind spots.

Sharing raw sensor data vs. sharing processed data. Existing CVP schemes can be
grouped into three main categories based on the stage of data sharing: (1) Raw-data sharing
schemes [228, 118, 164, 227] share the original raw sensor data; (2) Feature-level sharing
schemes [61, 69, 222, 198, 209] send intermediate features of perception; (3) Object-level
sharing schemes [136, 178, 179] directly share lightweight perception results such as object
bounding boxes. In this work, we build Harbor based on sharing raw sensor data (point
clouds) instead of detection results or processed features for two reasons. First, sharing
raw data preserves the high level of detail provided by sensors. Based on the state-of-the-
art work [130, 197] in computer vision, raw sensor data sharing achieves higher perception
accuracy compared to sharing detection results or intermediate features. Various efforts [228,
164, 227] have made raw data sharing more scalable and practical. Second, sharing raw data
is more versatile. Vehicles that receive processed features are constrained to use the same
format and application for detection. In contrast, raw sensor data can be used by a wide range
of CAV applications for multiple purposes. Although Harbor currently focuses on point-
cloud-level collaboration, the same design principles can be applied to merge intermediate
features or detection results (§3.6).
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Limitations of V2V. It has been shown that V2V-based CVP is not scalable [228]. This
is because in a V2V-based CVP, vehicles exchange sensor data streams for sharing [163];
depending on the design, either all vehicles receive all the point cloud data from other
vehicles and perform collaborative perception, or only one of the vehicles receives data,
performs perception, and disseminates the perception results. In either way, a V2V system
would require a shared wireless network with sufficient capacity established by vehicles.
Traditional WiFi standards (802.11 ac/n) fall short in supporting highly variable wireless
channels under high mobility [164]. While WiFi standards like 802.11ad/ay offer Gbps
bandwidth [184], they suffer from small coverage and poor mobility performance. Long-
distance wireless communication technologies such as DSRC/802.11p [111] can achieve only
∼6 Mbps, inadequate for accommodating a large number of vehicles.

Limitations of V2I. V2I-based CVP leverages a powerful edge server for view merging
and perception. Vehicles upload their sensor data to the server without direct communica-
tions among them [228]. This allows for more network and compute resources to support
large-scale CVP. However, V2I communications are not always reliable: even the most ubiq-
uitous cellular networks still have coverage issues [12]. Based on the LTE coverage map from
FCC [12] and the National Highway Traffic Safety Administration’s Fatality Analysis Re-
porting System [9], the LTE coverage on the roads of 5 U.S. states with the largest number of
traffic fatalities in 2021 is only 68.5%, 71.6%, and 38.5%, for AT&T, Verizon, and T-Mobile,
respectively. Our driving tests in a major U.S. city also confirm that onboard cellular con-
nectivity is fluctuating and highly heterogeneous, as described in §3.1 (Figure 3.1).

Joint Use of V2V and V2I. The limitations of existing V2V-only [163, 62, 118] or V2I-
only [228, 138, 144] CVP architecture motivate us to explore a joint use of both. Harbor
differs from existing work in innovating the network communication paradigm: it adopts
a hybrid approach that combines the V2V and V2I communication for CVP application.
In Harbor, V2V communication is used to bridge vehicles with poor V2I connectivity to
participant in collaboration, thereby enhancing CVP performance and robustness across
different network conditions.

3.3 Harbor Design

The observations in §4.2 motivate a hybrid CVP architecture that leverages the synergy
between V2I and V2V. In this work, we aim to explore the benefits of leveraging V2V com-
munication to enhance the performance of V2I-centric CVP systems. Our primary research
question focuses on how the integration of V2V and V2I together can improve CVP tasks,
particularly in terms of perception accuracy, detection latency, and system scalability. The
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resulting hybrid CVP system, Harbor, adopts V2I as its basic underlying framework, and
opportunistically employs V2V to boost the performance. It enables multiple vehicles to
leverage their V2V and/or V2I network access to share 3D sensor data. Harbor aims to
reduce CVP latency and improve accuracy by combining V2V and V2I communications in
an efficient and scalable manner, especially under dynamic wireless network and mobility
conditions.

3.3.1 Hybrid System Architecture

Figure 3.4 shows the system architecture of Harbor. At any specific time, vehicles fall into
two disjoint sets: a helper set and a helpee set. Vehicles in the helper set have good V2I
connectivity, whereas vehicles in the helpee set do not. Helpers and helpees establish a V2V
network so that helpees can leverage V2V to send their point clouds to the server through
the V2I links of helpers, who also upload their own point clouds.

Assumptions made by Harbor. There are three assumptions for the designed system
Harbor: (1) Collaborative vehicular perception is initiated only for vehicles that are in close
proximity, therefore vehicles are connected to the same edge server during the collaboration
period; (2) Vehicles exchange control plane messages periodically to the edge server for
making helper-helpee assignment decisions; (3) The V2V network is used only for relaying
data back/forth from the edge server to helpee vehicles. These assumptions are typically
common and practical in collaborative vehicular perception systems [228, 163, 164] and other
vehicular systems [192, 155].

Data Plane Operations. As shown in Figure 3.4, before uploading each point cloud
frame, cropping and adaptive encoding [228] are performed to reduce the data size for trans-
mission. On receiving a round of point clouds from different vehicles3, the server merges
these frames based on their locations (described shortly) and performs perception tasks such
as drivable space detection [83, 159] and object detection [120, 218, 177] to generate detec-
tion results. Finally, the detection result is sent back to the vehicles. Note that in parallel
to the above procedure, vehicles still run local detection. This allows a vehicle to fall back
to using the local detection if remote results are not available.

Control Plane Message Exchanges. Harbor needs to strategically assign helpers to
helpees (§3.3.2). A näıve way is to let each helpee find a helper in a distributed manner.
However, distributed pairing lacks a holistic view of the network topology and V2I/V2V re-
sources in the system. Harbor opts for a centralized method, where the server collects vehicle

3Like existing work [228, 164], we assume point cloud capture on different vehicles are synchronized. In
reality, point cloud data generation time across vehicles can have slight misalignment, which can be solved
by [96, 227].
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Figure 3.4: System architecture of Harbor. The control plane and data plane run in parallel
and do not block each other.

state information and makes assignment decisions accordingly. Dashed lines in Figure 3.4
show the control plane message exchanges in Harbor. Helpers periodically send their states
to the server, including locations, V2I bandwidth measurements, and V2V network routing
tables. Similarly, helpees broadcast their state information periodically using the V2V net-
work and rely on helpers to forward it to the server. Such state information is lightweight
in nature and can be delivered to the edge server efficiently, as validated in §3.5.5 and other
existing CVP systems [228, 163]. The server then computes the best assignment (§3.3.2)
and informs the concerned helpers. Upon receiving the notifications, each helper establishes
a V2V connection with the assigned helpee for point cloud forwarding. Due to vehicles’
mobility, Harbor needs to update helper assignments dynamically. Harbor server periodi-
cally computes the best assignment every Tp and updates the assignment to vehicles in the
system.

Mobility/Handover Management. Inline with previous V2I-based CVP [228], we
envision that each edge node serves a pre-defined geographic area (similar to the service area
of a cellular base station). Optionally, an edge’s service area can be divided into subareas.
For example, for an edge node deployed at a major intersection, each subarea may correspond
to one of the four road segments. Subareas can be overlapped. Vehicles’ collaboration and
edge-side merging are confined within a subarea. This helps reduce the search space of helper
assignments and the edge’s merging overhead. When a vehicle (either a helper or helpee)
moves across the subarea boundary, its potential helper or helpee(s) will be immediately
switched to those in the new subarea. The fast switch is owning to the stateless nature of
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helper assignment – assignment history is not considered when making assignment decisions.
This makes Harbor adaptive to the volatile traffic dynamics. Our large-scale evaluation with
up to 100 emulated vehicles (§3.5.4) performs such a subarea partition based on the road id
information of the map. A handover procedure similar to the above intra-edge handover can
be applied to inter-edge handovers. We leave the detailed inter-edge handover design as our
future work.

3.3.2 Modeling Helper Assignment

Efficient assignment of helpers to helpees is a crucial challenge in Harbor due to the dynamics
of V2V and V2I links as well as the interplay among helpers and helpees. Our goal is to find
an assignment that pairs helpees to helpers to maximize the overall system performance,
specifically by minimizing all vehicles’ point cloud upload time to deliver the sensor data to
the edge server. Also, assisting helpees should bring minimal impact on helpers’ own sensor
data upload. As our goal is to pair helpees (V2V sources) with helpers (V2V destinations),
our design is orthogonal to and compatible with the underlying routing scheme (e.g., [57, 68])
used in the V2V network.

Harbor performs helper assignment in two steps. First, it determines the set of helpers
and helpees; second, it finds for each helpee its helper (if available). While ideally the two
steps could be combined in a holistic optimization framework, we separate them to reduce
the overall complexity of assignment search, which needs to be performed at a high frequency
(every Tp = 100 ms in our implementation) to tackle the volatile traffic dynamics. In the
first step, Harbor applies a simple heuristic: regard vehicles whose V2I uplink bandwidth is
lower than (at least) a threshold as helpees (helpers). The threshold, which is empirically
set to 1 Mbps [12], ensures that a helper has minimal bandwidth to upload its own sensor
data before helping others.

Next, given the selected helpers and helpees, we consider how to search for the assign-
ments. A prerequisite here is the V2V bandwidth. As mentioned in §3.1, actively probing
every V2V link is not scalable. We thus introduce a novel approach that uses robust ana-
lytical models of V2V distance and wireless interference to implicitly approximate the V2V
bandwidth, without actually probing it. This leads to a lightweight optimization model
(elaborated next). To begin with, we identify three key factors that impact the performance
of an end-to-end (E2E) path (which consists of V2I and possibly V2V links).
• Physical distance. In a V2V wireless network, the physical distance between a helpee
and a helper can affect the throughput of the helpee-to-helper path [224].
• V2V network interference. Scenarios like multi-hoping between helper and helpee and
multiple helpees transmitting data to the same helper may incur interferences [109, 158] and
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Table 3.1: Notations for helper assignment algorithm.
Symbol Meaning

E = {e1, ..., e|E|} Helpee vehicle set: helpee 1 to helpee |E|
R = {r1, ..., r|R|} Helper vehicle set: helper 1 to helper |R|

ak = (ei, rj) A (helpee, helper) assignment pair
N(rj) Helping capacity of helper j

A = {a1, a2, ..., am} An assignment is a set of assignment pairs (m ≤ |E|)
Sdist(A) Distance score of assignment A

Sintf (A) V2V interference score of assignment A

D(ei, rj) Physical distance between helpee i and helper j
P (ak) = ei → ...→ rj The network path for ak (helpee i to helper j)

IC(vi, X) Interference count produced by
vertices in graph X to vertex vi

IC(P (ak), X) The sum of interference counts
for all vertices in path P (ak)

G(A) Graph produced by active transmitting
and receiving nodes in assignment A

thus hurt the performance of a helpee-helper connection.
• V2I network bandwidth. The V2I bandwidth of a helpee’s helper can also impact the
sensor data upload time, especially when the helper-to-server path becomes the bottleneck
of the E2E path. Note the V2I bandwidth of a helper is shared by itself and potentially one
or more helpees.

It is important to note that the goal of our analytical model is not to precisely estimate
V2V bandwidth for each helper-helpee vehicle pair, but to select a helper vehicle that has
potentially better V2V performance compared to other helper vehicles. To achieve this, we
leverage V2V distance and interference as two primary factors, both of which have been
shown to strongly correlate with wireless network bandwidth [224, 158]. Additionally, given
that the effective range of CVP systems is generally smaller (around 200m×100m [210])
compared to large-area mesh networks [43], the use of distance and interference as bandwidth
estimators is both practical and effective, as validated in our experiments (§3.5.5).

Assuming the total number of helpees is m = |E|, an assignment A = {a1, a2, ..., am}
contains one or multiple assignment pairs from helpee ei to its helper rj (Table 3.1). For
an assignment pair ak, its score is defined as Equation 3.1a. The distance and interference
scores quantify how good the assignment pair is. To obtain scores of A, we sum each pair’s
distance and interference score and then aggregate them using an aggregation function f

(Equation 3.1b). While different aggregation functions can be applied, Harbor uses the
harmonic mean to aggregate scores of different assignment pairs. The use of the harmonic
mean helps filter out assignments with low-score pairs to prevent the entire collaboration
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system from being slowed down by a single “slow” vehicle, as it is very sensitive to small-value
outliers.

Score(ak) = Sdist(ak) + Sintf (ak) (3.1a)
Score(A) = f(Score(a1), ..., Score(am)) (3.1b)

maximize Score(A) s.t. Cbw(a) ≥ 0, ∀ a ∈ A (3.1c)

The objective of finding the best assignment A is defined as Equation 3.1c, and the
assignment is subject to the bandwidth constraint Cbw. The intuition behind the constraint
is that Harbor tries to leverage the spare V2I bandwidth from helpers to help helpees upload
sensor data without hurting helpers’ own performance. In cases where helpers are not capable
of helping all helpees, i.e., the constraint of the above optimization cannot be satisfied (e.g.,
the helpers’ V2I bandwidth is limited for helping all the helpees), Harbor schedules the
assignment so that as many possible helpees are helped as possible.

As Harbor updates assignments frequently (§3.3.1), unassigned helpees may be assigned
later when there are more helpers or helpers have better V2I bandwidth.

We next describe how to calculate scores and constraints for each individual factor. Since
distance and interference have different units and scales, we design each score function (Sdist,
Sintf ) to map the corresponding factor to a value within the range of [0, 1] to avoid a single
factor dominating the entire score. Table 3.1 summarizes notations used to calculate different
scores of an assignment.
• Distance Score. Intuitively, the wireless throughput is better when two nodes physically
reside closer to each other. Therefore, the assignment should prefer a helper closer to a
helpee. The distance score for a pair ak = (ei, rj) is quantified by comparing the physical
distance between ei and rj with the longest possible distance between ei and any other helper
in the system. Formally, for an assignment pair ak = (ei, rj), its distance score is defined
as Sdist(ak) = 1 − D(ei,rj)

max{D(ei,rk)}|R|
k=1

. This equation shows that a smaller physical distance
between ei and rj leads to a higher score, indicating a nearby node is preferred for better
V2V bandwidth. Also, the score value lies between 0 and 1, as desired. With Sdist(ak) for
all ak in A, the distance score for the assignment can be calculated using the aggregation
function, as described in Equation 3.1b.
• Interference Score. The interference score is designed so that a higher score is generated
when the assignment creates less interference. To fulfill this, we propose a graph-based
method to quantify the level of interference by leveraging an observation: interference will
occur between active senders and from senders to receivers when they are in each other’s
coverage range [109]. In Harbor, an active sender is a node that transmits bulk sensor data
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Figure 3.5: An example of graph-based interference score calculation (no link between e2
and r1 due to coverage).

to another node through V2V, i.e., helpees that send data to their helpers. For instance, in
Figure 3.5, e2, e1 are active senders while r1, r2 are receivers and use V2I to send received
sensor data to the server.

To quantify the interference, we define Interference Count, IC. At a high level,
IC(vi, X) measures the number of interfering nodes (i.e., in-coverage active senders) from
the network topology X to a node vertex vi, and IC(ak, X) measures the interference pro-
duced by X to a pair ak. To calculate IC for ak, we sum up the interference count for all
nodes in the network path P (ak) of pair ak, i.e., IC(ak, X) = Σvi∈P (ak)IC(vi, X). The entire
graph can be constructed from control messages received by the server, which include the
routing tables on vehicles (§3.3.1). The interference score function maps the interference
count for ak to a value between 0 and 1. The formula to calculate the interference score for
ak is Sintf (ak) = 1 − IC(ak,G(A))−IC(ak,G({ak}))

IC(ak,G0)−IC(ak,G({ak}))
. G0 represents the graph formed by assuming

all nodes are actively generating/receiving network traffic. IC(ak,G({ak})) calculates the
interference caused only by the nodes in the network path of ak. Similarly, IC(ak,G(A)) is
the interference caused by the actual assignment A and IC(ak, G0) is the maximum possible
interference for the pair ak. Take Figure 3.5 as an example, there are two connections in
the assignment A = {a1, a2}, where a1 = (e1, r1) and a2 = (e2, r2). Their network paths
are p1 = P (a1) = e1 → r1 and p2 = P (a2) = e2 → r2. To determine IC(a2,G(A)), we
sum up the interference sources for all nodes in the network path p2, i.e., IC(a2,G(A)) =
Σvi∈p2IC(vi,G(A)) = IC(e2,G(A)) + IC(r2,G(A)) = |{e1}|+ |{e1, e2}| = 1 + 2 = 3. Note r1

is not counted when calculating IC(r2, A) because r1 uses V2I for sending sensor data to the
server and does not generate bulk sensor data transmission in the V2V network. Similarly,
we can calculate IC(a2,G({a2})) = 1 and IC(a2, G0) = 6. Finally we have the interference
score Sintf (a2) = 1− 3−1

6−1 = 0.6. Similarly, IC(a1, A) can be calculated and the interference
score Sintf (A) can be obtained. With both assignment pairs’ scores calculated, the score for
A can be obtained from Equation 3.1b.
• Bandwidth Constraint. A higher V2I bandwidth is more desired as it can potentially
reduce the data upload time. In Equation 3.1c, a V2I bandwidth constraint Cbw is reinforced
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for each assignment pair. The bandwidth constraint ensures the number of helpees a helper
helps does not exceed its ”capability”. To quantify this, we calculate the V2I helping capacity
of each helper N(rj) based on the average bandwidth required for transmitting the encoded
point clouds. The capacity is calculated as N(rj) = ⌊BW (rj)−BWreq

BWreq
⌋. N(rj) quantifies how

many helpees the helper rj can help. We set BWreq = 4.8 Mbps based on the bandwidth
requirement for transmitting point cloud at 10 fps after encoding with high resolution [228,
11]. Then we can derive the equation for all the assignment pair a: Cbw(a) = N(ra) −∑m

k=1(π2(ak) = ra) ≥ 0, where ra is the helper in a and π2(ak) selects the helper (second
element) in the ordered assignment pair ak.

3.3.3 Efficient Helper Assignment Algorithm

Intuitively, the assignment with the highest score can be obtained from a brute-force search.
However, this method is not quite scalable as the number of possible assignments grows
exponentially as |E| (the number of helpees) increases, with a complexity of O(|R||E|). In
order to handle real-time dynamics for more vehicles, we propose an efficient optimization
to solve the best matching in polynomial time.

We transform the helper-helpee matching problem in Harbor to a weighted bipartite b-
matching (WBbM) problem [45]. Consider the helper set and helpee set as the two matching
sets of the bipartite graph, the weight of each potential edge between a helper-helpee pair
is determined by Equation 3.1a. The objective of Harbor’s assignment becomes finding the
maximum score from all possible matching. Different from the well-known weighted bipartite
matching (WBM) problem, where the solution yields a one-to-one matching, the WBbM model
allows a node to match with multiple nodes. This fits with our system design, where one
helper vehicle can help multiple helpees. For WBbM, each node has a capacity C, which
determines the maximum number of nodes it can match to. In Harbor’s context, the helping
capacity N(rj) of helpers is determined by their V2I bandwidth, as mentioned before. For
solving the WBbM problem, it can be reduced to a WBM problem by creating replications of
nodes. We adopt this method in Harbor’s algorithm optimization. Specifically, for each
helper with N(rj) > 1, we create N(rj) copies of it and connect it to all possible neighbor ei

of the original node rj with the corresponding edge weight. We then solve the newly formed
graph using the existing Hungarian algorithm for WBM problems. Since for any possible
assignment, each rj can help at most N(rj) helpees, we make sure that the V2I bandwidth
constraint is satisfied as each node after replication will end with ≤ N(rj) matchings. We
summarize the proposed matching algorithm in pseudo-code as Algorithm 1. Given that the
complexity of solving WBM is O(|R|2|E|), it is straightforward to prove that the complexity
of the algorithm becomes O(|R|2|E|2) compared to the O(|R||E|) exhaustive search. We
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evaluate the effectiveness of the WBbM optimization in §3.5.5.
Algorithm 1: Harbor’s Helper Assignment Algorithm.

Input: helpee set E = {e1, ..., ei}, helper set R = {r1, ..., rj}.
Output: A – selected assignment to pair helpees with the helpers.
/* Define V2I bandwidth, helping capacity, score map, and helper set after

replication */
1 BW, N, S, R′ ← HashMap, HashMap, HashMap, HashSet;
2 for rj ∈ R do
3 BWj ← getV2IBW(rj);
4 Nj ← getHelpingCap(BWj);
5 for k ∈ {1, 2, . . . , Nj} do

/* Replicate a virtual node for compute matching */
6 R′.Insert(rk

j );
7 for ei ∈ E do
8 for rj ∈ R′ do

/* Compute score for each helper-helpee pair */
9 Sj

i ← ComputeDistScore(ei, rj) + ComputeIntfScore(ei, rj);
/* Calculate the maximized weighted b-matching results. */

10 A = Hungarian WBM(E, R, S)

3.3.4 Timely Delivery of Detection Results

As vehicles need to digest the point cloud data in real-time, it is vital to deliver the remote
detection results back to each vehicle in time. Outdated detection results may not be useful
because the driving environment can change drastically within seconds. To achieve timely
delivery of the detection results, Harbor harnesses both application-level deadline awareness
and MAC-layer prioritization.

3.3.4.1 Deadline Awareness

To cope with the fast-changing network conditions, vehicles in Harbor perform point cloud
encoding adaptation. Harbor uses an existing bandwidth estimation technique [228] to per-
form upload bandwidth estimation, based on which the encoding level is adjusted accordingly.

However, only applying encoding adaptation is inadequate. If the server waits for frames
from all vehicles (generated in the same round) to arrive before performing computation,
the E2E latency would be inflated by stragglers whose frame uploading is too slow. Based
on our measurement, frame upload time can differ by over 0.75s across 6 vehicles due to the
above reason. Harbor addresses this latency heterogeneity by incorporating a deadline by
which frame merging and detection must start, even if not all frames from the current round
have been received.

Specifically, Harbor’s server determines this deadline in the following way. Each vehicle
has a fixed E2E latency requirement Te2e (§4.4) for each point cloud frame since the frame
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Figure 3.6: Timeline of Harbor’s vehicle-side
and server-side data processing.

Figure 3.7: Impact of network types on the de-
tection result delivery latency.

is captured from the sensor. Recall from §3.3.1 that in the design of Harbor, vehicles still
run local detection in parallel and use the local detection if remote results are not received
after Te2e. Following the timelines in Figure 3.6, the server can calculate the vehicle-side
deadline t5 = t0 + Te2e. All the vehicle-side timestamps are embedded into control messages
sent to the server (§3.3.1). The server then estimates the downlink one-way delay Towd to
get t4 = t5 − Towd. Finally, based on its detection time Tremote, the server computes the
deadline timestamp t3 = t4 − Tcomp at which it must start merging all the received sensor
data and running detection. Since there are multiple vehicles and their time parameters can
differ, the server uses the earliest t3 as the estimated deadline. In Harbor, vehicles use NTP
to synchronize time within ten milliseconds [76], which is sufficient for our application.

Local Merging. When a detection result arrives at a vehicle, the vehicle will first check
if the result arrives too late to be used – specifically, whether the result is delivered beyond
Te2e since the upload of the sensor data. Any late-arrival result will be discarded. The vehicle
maintains a local deadline (different from the edge-side deadline); when the local deadline
is missed, the vehicle will fall back to using its local detection result. Next, the vehicle will
check if the edge-returned result uses the view uploaded by the vehicle itself. The result is
accompanied by a small bitmap to indicate which vehicles’ views are processed by the edge
and henceforth used in the result. If a vehicle’s corresponding bit is missing (due to missing
the edge-side merging deadline), the vehicle will perform local merging by merging its local
detection with the edge-returned result. The merging is local in that the merged view is only
used locally, and the vehicle (as a helper) will not further distribute it downstream; instead,
a helper always passes the original result from (and signed by) the edge. This helps reduce
the attack surface and prevent the erroneous situation where a single vehicle’s detection
failure pollutes the edge’s merged view. If the edge’s view passes both checks, it will be used
by the vehicle.
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3.3.4.2 MAC-layer Prioritization

Different from previous work [228] where only a cellular V2I downlink is used to transmit
result messages, in a hybrid CVP involving both V2V and V2I links, sensor data (uplink)
and detection result (downlink) compete for transmission in opposite directions over the
same V2V wireless medium. Also, their bandwidth consumption is highly imbalanced, with
the uplink data dominating the bidirectional traffic.

We find such imbalance can significantly inflate the end-to-end detection: when bidirec-
tional traffic is present, overwhelmed by the uplink traffic, the downlink traffic is allocated
with little network resources (Figure 3.7).

This thus requires prioritizing the downlink traffic that contains the detection results. We
find that performing traffic prioritization at the application layer on a helper vehicle does not
work. This is because when the application layer of a helper (as a relay) perceives the uplink
traffic from the helpee (the origin), the traffic has already saturated the wireless medium
and thus starved the downlink traffic.

To address the above challenge, we propose a MAC-layer message prioritization design
that prioritizes different message types using priority queues. For queues with higher prior-
ities, we adjust the MAC-layer parameters (§4.4) to enable a higher probability of accessing
the medium. This design allows the lightweight but latency-sensitive detection result mes-
sages to be prioritized over data-intensive sensor data transmission, achieving lower E2E
latency while maintaining the network throughput for sensor data transmission. Note that
the MAC-layer prioritization module reduces the downlink delay for delivering the detection
results and is orthogonal to the helper assignment algorithm which optimizes the collabo-
rative data uploading. We validate the effectiveness of MAC-layer message prioritization in
§3.5.5.

3.4 System Implementation

Server. The server performs helper assignment, sensor data merging, and downstream
detection. Harbor’s drivable space detection uses the RANSAC [82] algorithm to extract the
road plane and mark the points on the road plane as “drivable” (other points are marked
as objects). Then it converts the road plane into an occupancy grid of 1m× 1m and labels
each grid as either “drivable”, “occupied” or “unknown”. Harbor’s object detection adopts
PointPillars [120] as the backbone object detection neural network. We use the pre-trained
models provided by OpenCOOD [171] for detecting objects.
Vehicle. V2V control message exchanges are implemented over UDP due to the broad-
cast requirement. V2V sensor data exchanges and V2I communications are implemented
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over TCP. We use the OLSR routing Protocol [68] in V2V network and Draco [11] to en-
code/decode point cloud data. We apply distance-based cropping: each vehicle crops the
point cloud data within a fixed threshold of 50 m. Applying more sophisticated data partition
algorithms [228] is easy. We implement the MAC-layer prioritization in Linux kernel [13]. We
create a higher priority queue for delivering detection results in addition to the regular MAC-
layer frame processing queue. We adjust the contention window (CWmin = 2) and arbitrated
inter-frame spacing (AIFS = 1) to increase the probability of successfully transmitting the
detection result packets. We derive a 500 ms latency threshold Te2e by considering several
safety-critical scenarios from previous work [228, 163]. This latency threshold is on par with
that defined in a previous V2I-based CVP (EMP [228]) plus the edge inference and result
delivery time not considered by EMP.

3.5 Evaluation

We evaluate Harbor and compare it with several state-of-the-art solutions under realistic
traffic scenarios and network conditions. We quantify improvements in end-to-end latency
and accuracy using trace-driven emulations (§3.5.2). We show that CVP empowered by
Harbor can improve perception accuracy and driving safety in real-world driving scenarios
(§3.5.3). We demonstrate the system scalability and robustness under large number of
vehicles and fast-changing topologies in §3.5.4. Lastly, we present a system overhead study
in §3.5.5.

3.5.1 Experimental Setup and Methodology

We consider the following evaluation metrics.
•Object detection accuracy: It quantifies the difference between predicted object bound-
ing boxes and the ground truth. We use Average Precision (AP) [2] as the metric to evaluate
object detection. It is calculated with a threshold of Intersection over Union (IoU) [6] to
evaluate the accuracy of object detection. The AP metric counts prediction bounding boxes
with IoU higher than the threshold as true positives. We set the IoU threshold as 0.5, a
value commonly used for evaluating point cloud object detection [120, 177, 210].
• Drivable space detection accuracy: It quantifies the difference between the actual
detection result and the ground truth. We compare the predicted grid labels with ground-
truth labels. Detection accuracy is defined as Accuracy = T P +T N

Total number of grids . TP (True
Positives) is the number of grids whose prediction and ground-truth are both drivable, while
TN (True Negatives) is the number of grids whose prediction and ground truth are both
occupied or unknown.
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Table 3.2: Summary of experiment settings.

Experiments # of
CAVs

Speed
(km/h)

V2I BW
(Mbps)

Traffic
Scenes

Point cloud
data type

Emulation 2 - 100 0 - 70.0 5.4 - 55.9

roundabout,
road segments,
intersections,

entrance ramp

CARLA

Mcity Testbed 3 0 - 32.3 3.3 - 35.7
crossroads,

T-intersections,
road segments

Real-world

• Detection latency: It measures the time elapsed from when a point cloud is captured on
a vehicle to when the perception result (e.g., drivable space detection and object detection)
is ready to use by downstream applications.

We compare Harbor with the following state-of-the-art solutions. EMP [228]: a V2I-
based cooperative perception system where each vehicle uses V2I to upload LiDAR data and
vehicles without V2I connection cannot join the collaboration. AVR [163]: a system that
uses V2V to send 3D point clouds (same data as Harbor) from other vehicles to a randomly
chosen leader vehicle for sharing.

CarSpeak [118]: a V2V system where each vehicle broadcasts sensor data to all other
vehicles for perception. We also implemented its loss-resilient compression technique. For
all schemes, the vehicles use detection results described in §3.3.4.1.

Trace-driven emulation. We conduct large-scale trace-driven emulation using traffic
and network traces. Our traffic traces consist of vehicle trajectories and LiDAR point clouds
collected from the CARLA simulator [26] in various driving scenarios and traffic topologies
(Table 3.2). We create nodes in Mininet-WiFi [14] and replay the trajectories to emulate the
V2V network. Our V2I network traces are LTE and 5G uplink throughput traces collected
from real-world driving [152, 228]. The V2I traces are assigned to each vehicle based on a
uniform distribution. We use a Linux machine with a 16-core CPU and 32GB memory to
run Mininet-WiFi, which creates various numbers of wireless nodes and a server node. Each
wireless node runs a Harbor vehicle instance and has two network interfaces: an 802.11g
WLAN for communication between vehicles as it is widely used by previous work [194, 175],
and an Ethernet interface for connection with the server. We use Linux tc to replay our
network traces over the Ethernet interface to emulate the V2I network. The avg (stddev)
bandwidth of V2V links is measured to be 12.35 (5.68 Mbps) under the emulated 802.11g
setup. The point cloud capture rate is set to 10 fps in emulations and real-world experiments.

Real-world CAV testing. We also deploy 3 Lincoln MKZ vehicles as CAVs on four
realistic driving scenarios at an autonomous driving testbed, Mcity [27]. Our testbed is a
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Figure 3.8: Emulation experiment results for E2E drivable space detection performance of
Harbor and baselines.

real-world mock city for testing CAV applications, which consists of road segments, traffic
lights/signs, and testing vehicles. Each vehicle is equipped with OxTS RT3000v3 GPS [34],
Velodyne VLP-32C LiDAR [29], and Cohda MK6C OBU [23] for V2V+V2I communication.
The same machine in emulation is used as the edge server. We also deploy several other
non-connected vehicles as targets for detection. We run experiments on 4 different driving
scenarios and run our evaluation on a total of 1602 LiDAR frames.

Real-world vehicle driving test. To examine Harbor under realistic V2V and V2I
network conditions on a larger scale, we run real-world field tests by driving 6 cars on the
road. Each vehicle is equipped with a laptop that runs a Harbor vehicle instance to replay
sensor data from CARLA. In this case, although vehicles still use synthetic sensor data, they
experience realistic V2V and V2I network conditions as real-world driving. We use the same
server machine in emulation experiments to run the Harbor server instance. For each laptop,
we tether a smartphone to it. The smartphones have GPS and each runs an app [16] to fetch
locations. The cellular data plans used include AT&T [10], Verizon [19] and T-Mobile [17].
The laptops form an ad-hoc network using their WiFi interfaces for V2V communications.
While technologies like DSRC [111] are designed for V2V communication, they often require
specialized hardware and programming interfaces. Therefore, we choose to use ad hoc WiFi
for V2V because of its compatibility with existing Linux OS as previous work [118]. In
real-world CAV tests and vehicle driving tests, the bandwidth statistics (average/standard
deviation) of the V2I (V2V) networks are 19.98 ± 9.08 (10.41 ± 1.48) Mbps based on our
measurements.

3.5.2 Trace-driven Emulation Results

We first show the latency and accuracy performance of Harbor by running emulation exper-
iments on the CARLA dataset with 2 - 20 CAVs under various traffic densities and network
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Figure 3.9: Emulation experiment results for E2E object detection performance of Harbor
and baselines.

conditions (Table 3.2). We measure both the detection accuracy and latency overhead for
each scheme.

We vary the number of vehicles, mobility patterns, and V2I network conditions, which
create 100 different settings in total. We further categorize these settings into 3 classes,
based on average V2I bandwidth, V2V distances and the duration of helpee vehicles: (1)
better V2I conditions, (2) similar V2I and V2V conditions, and (3) better V2V conditions.

Figure 3.8 and Figure 3.9 show the End-to-end (E2E) performance of Harbor and baseline
schemes using drivable space detection and object detection as the perception applications.
In the aggregated results, we show the mean latency on the x-axis and mean detection
accuracy on the y-axis. The error bar shows the standard deviation of each scheme under
various settings. As shown, Harbor dramatically improves the detection latency. The mean
latency is improved by 39.3% (38.5%) and 36.7% (34.7%) compared to AVR and EMP on
drivable space detection (object detection), respectively. The improvements over CarSpeak
are even higher: 57.1% (54.2%). Harbor also improves the detection accuracy compared
to the baselines. Specifically, on average, it improves the accuracy by 3.5% (7.1%), 7.8%
(7.6%), and 12.1% (11.6%), compared to AVR, EMP, and CarSpeak on the two apps. The
reasons for the benefits are two-fold. First, Harbor tries to bridge more vehicles together
despite their V2I/V2V disconnections by jointly using their V2V and V2I links, leading to
a more complete view. Second, Harbor reduces the E2E latency of remote detection results
delivery, making the results more likely to be delivered in time and hence utilized. It is
expected that the latency improvements of the two apps are similar as the only difference
affecting the E2E latency between the two is the computation time difference.
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Table 3.3: Collaborative perception accuracy under different collaboration schemes.

Traffic Scene Object Detection Acc./Drivable Space Detection Acc.
Local-only EMP AVR Harbor

Testbed-Overall 42.67/40.77% 69.84/57.89% 69.90/52.53% 82.08/70.67%
- Right turn 28.91/33.28% 59.60/53.84% 42.66/49.59% 77.93/71.44%
- Left turn A 34.60/44.57% 81.16/59.79% 79.49/57.25% 83.55/63.87%
- Left turn B 35.94/44.48% 79.50/58.12% 61.53/55.86% 81.30/72.89%
- Lane merge 71.25/40.78% 72.52/59.81% 80.46/47.43% 87.57/74.51%

3.5.3 Performance on Real-world Testbed

In our real-world CAV testbed Mcity, we create four traffic scenes (Figure 3.11) that are
challenging based on the NHTSA pre-crash scenario typology [151]: (1) an unprotected
right turn in a crossroad; (2) an unprotected left turn in a crossroad (Left turn A); (3) an
unprotected left turn in a T-intersection (Left turn B); (4) a lane merging from a parking
space.

Under the four real-world driving scenarios, we first evaluate the end-to-end system per-
formance to demonstrate how Harbor benefits CVP tasks after data sharing. Table 4.1
summarizes the perception accuracy of both object and drivable space detection tasks of
different schemes. Overall, Harbor improves the object detection (drivable space detection)
accuracy by 2% - 18% (4 - 18%) compared to EMP, 2% - 36% (6 - 27%) compared to AVR,
and 16% - 49% (19 - 38%) compared to local-only. Specifically, Figure 3.10 depicts a specific
scene to show how Harbor outperforms the baselines. In this scenario, the target vehicle and
other vehicles in the scene are consistently detected by Harbor, while AVR does not detect
the target because limited V2V bandwidth of one CAV to the ego vehicle. While EMP
detects the target vehicle, it misses another vehicle in the opposite lane because another
CAV does not upload its data on time to the edge server due to limited V2I bandwidth. The
benefits of Harbor in perception accuracy come from the fact that Harbor bridges vehicles
with limited V2I performance by judiciously using the spare V2I resources from other nearby
CAVs, resulting in a larger coverage of 3D data of the environment.

End-to-end driving outcome. To better understand the driving outcome of each
scenario, we deploy the latest Baidu Apollo Driving Software [22] to analyze the driving
decision by applying Harbor (Table 3.4). As depicted in Figure 3.11, EMP fails in 2 of
the 4 challenging cases (1 collision and 1 near-collision). The target vehicle is occluded
hence undetected by the ego vehicle. Furthermore, the pure V2I scheme also misses the
detection from the server side because other CAVs do not upload their sensor data in time
due to poor V2I conditions. In contrast, under all 4 scenarios, Harbor can make prompt
decisions, including reducing speed and stopping to yield, to avoid the potential conflict of
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its planned driving trajectory with the target occluded vehicle thanks to the collaboration
to detect the target vehicle earlier in the scene. We also perform analysis on the additional
reaction time (i.e., how much earlier the ego vehicle detects the target) for the ego AV
to make driving decisions compared to local-only perception (Table 3.4). While existing
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Table 3.4: Additional driving reaction time (compared to Local-only) and outcome of differ-
ent collaboration schemes.

Traffic Scene Additional Reaction Time (s)/Driving Outcome
EMP AVR Harbor

Testbed-Overall + 0.76/1 crash + 0.58 /1 crash + 1.26/0 crash
- Right turn + 0.69/safe-pass + 0.41/crash + 1.60/safe-pass
- Left turn A + 1.05/safe-pass + 0.20/safe-pass + 1.23/safe-pass
- Left turn B + 0.73/crash + 1.13/safe-pass + 1.42/safe-pass
- Lane merge + 0.57/near-miss + 0.57/near-miss + 0.79/safe-pass

Notes: A near-miss occurs when the ego and target vehicle pass within 3 m of each other.

collaboration methods also increase the reaction time for the ego by detecting the target
earlier, Harbor results in an average of 0.5 - 0.7 seconds (65%) more reaction time compared
to the baselines.

Field driving test with more vehicles. To showcase the real-world impact of Harbor
for more vehicles, Figure 3.12 plots the field test results: Harbor outperforms EMP, AVR,
and Carspeak by reducing 18.6%, 29.9% and 37.7% of detection latency and improving 8.0%,
5.78% and 11.0% on detection accuracy. As the number of vehicles increased from 3 to 6,
Harbor’s performance remains consistently the best, showing better scalability. In real-
world driving tests, we have observed that the RTT between commercial cellular network to
a server is 97.4 ± 1.49ms, much longer than a real vehicle-to-edge communication latency
(about 20 ms [231]). Compared to emulation experiments, Harbor’s improvements in latency
are slightly lower due to higher base V2I latency.

3.5.4 Scaling to Large-scale Deployment

We evaluate how Harbor scales to environments with a larger number of vehicles. Following
the vehicle density and speed information from 2 public vehicle trajectory datasets [15, 241],
we place up to 100 vehicles in the CARLA simulator and use trace-driven emulation to
replay their trajectories and data for evaluation. Note that as the total number of vehicles
increases, both the number of helpers and helpees increase.

Figure 3.13 shows how the performance of Harbor changes with an increasing number of
vehicles. Harbor outperforms EMP (AVR) by 37.1% (51.3%) in average detection latency,
and 11.3% (19.4%) in detection accuracy, respectively. We observe that applying a V2I-based
scheme is indeed more scalable than a pure V2V scheme, as shown before [228]. Harbor
achieves better scalability than V2I by using the V2V medium for helpees and applying
bipartite optimization to adapt to network dynamics. Note that Harbor not only improves
the detection latency but also accuracy compared to Harbor without bipartite optimization.
This is because the bipartite optimization enables faster computation of assignments and
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henceforth reacts faster to network changes, resulting in more data being delivered to the
edge server and used for perception.

Robustness of Harbor under fast changing topologies. Next, we analyze the ro-
bustness of Harbor under variable traffic topologies. To quantify the degree of topology
change, we use a metric calculated from vehicle trajectories: the average relative distance
variation. A higher variation of the relative distance indicates that the relative position of
ego-CAV varies more compared to others, making the topology more fast-changing. The
average relative distance variation is derived as follows. (1) For each CAV, we calculate the
standard deviation of its relative distance to all the other CAVs over the entire trajectory ev-
ery t seconds (we set t = 0.1). (2) We then average the standard deviations from all CAVs by
the number of vehicles. We conduct this experiment using 50 emulated vehicles. Figure 3.14
shows the performance of Harbor under various levels of topology changes. Under slower
changing traffic topologies (average relative distance variation ¡50m), Harbor outperforms
AVR (EMP) by 32.6% (61.2%) in latency and 10.7% (18.3%) in accuracy. Even under the
fastest-changing traffic conditions (average relative distance variation ¿100m), Harbor’s im-
provements over AVR and EMP only reduce slightly, despite the excessive mobility’s impact
on V2V network performance, thanks to Harbor’s robust helper assignment algorithm.

3.5.5 System Overhead & Microbenchmarks

We study the overhead and benefits of design decisions made by Harbor from three perspec-
tives: (1) the control-plane and data plane message overhead, which measures control/data
message size, its transmission latency and the corresponding bandwidth requirements; (2)
the runtime performance of Harbor’s helper assignment algorithm and its benefits to the
E2E detection latency; (3) the latency improvements made by timely delivery of detection
results strategy. For ease of presentation, we use drivable space detection as the example
application for the remaining part of the evaluation.
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Table 3.5: Control-plane and data-plane message overhead for each point cloud frame per
vehicle(mean±std deviation).

Metrics AVR EMP Harbor
(Helper/Helpee)

Control data (Bytes) 24 24 67±5.5 / 67±5.5
Transmission Latency (ms) 28.1±24.6 27.6±18.6 27.9±17.8 / 32.4±22.0
Bandwidth Req. (Mbps) <0.1 <0.1 <0.1 / <0.1

Sensor data (KB) 42.9±5.07 46.2±3.5 45.9±3.2 / 40.6±7.1
Transmission Latency (ms) 158.3±31.2 91.5±19.9 36.3±19.1 / 72.1±22.2
Bandwidth Req. (Mbps) 3.4±0.5 3.7±0.3 3.6±0.3 / 3.2±0.6

Notes: Bandwidth Req. - Bandwidth Requirement at 10 FPS.

3.5.5.1 System Overhead Analysis.

Control-plane and data-plane message overhead. Table 6.4 compares the control
plane and data plane message overhead between Harbor and other existing V2I/V2V-only
CVP solutions. Apart from the vehicle location data also used in EMP and AVR, Harbor’s
control message further includes V2I bandwidth measurements and V2V routing tables. The
additional data size in the control plane is negligible (fewer than 50 bytes per point cloud
frame). Therefore, Harbor’s control-plane message overhead is similar to EMP and AVR, as
mentioned in §3.3.1. Also, as the last row in Table 6.4 suggests, helpee vehicles in Harbor
have slightly higher transmission latency for control messages. This is attributed to its hybrid
(V2I+V2V) network topology. For data messages, all three schemes upload similar size of
point cloud data (after encoding), while Harbor’ transmission latency is significantly lower
than EMP and AVR because Harbor judiciously allows helpee vehicles to use the spare V2I
bandwidth from helpers. Vehicles with poor V2I conditions perform poorly on EMP as they
use V2I-only communication. AVR suffers from higher data-plane latency than EMP due
to less scalable V2V-only communication, as shown in [228]. For bandwidth requirements,
Harbor requires the same level of uplink bandwidth as V2I-based systems, while achieving
better latency and scalability.

Overhead of Harbor’s assignment algorithm. We evaluate the runtime performance
of Harbor’s helper-helpee assignment algorithm by comparing it with two baselines: (1)
Random: randomly assign helpers to helpees. (2) Exhaustive: perform brute-force search
to find the optimal assignment based on Harbor’s formulation. We consider two metrics:
the assignment execution latency (Figure 3.15) and the end-to-end detection latency (Fig-
ure 3.16). As shown in Figure 3.15, the scheduling time of the exhaustive search grows quickly
as the number of vehicles increases – taking more than 10s to compute the assignment for
20 vehicles. On the other hand, as shown in Figure 3.16, while the random scheme provides
decisions within 100ms (the LiDAR generation cycle), its end-to-end detection latency is
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high, due to its selected suboptimal paths. In contrast, Harbor with its built-in bipartite
optimization can efficiently perform helper assignment within 100ms (Figure 3.15). This,
together with the resulting judiciously determined paths, leads to an average end-to-end de-
tection latency of 175ms even for 100 vehicles, outperforming all the other baseline schemes
(Figure 3.16).

3.5.5.2 Microbenchmarks.

Strategic Helper Assignment. We examine the benefits of one of Harbor’s strategic
helper assignment through trace-driven emulation. To make a fair comparison, we modify
only the assignment scheduling logic in Harbor to have five different baseline assignment
schemes: (1) Random: randomly assign helpers to helpees; (2) Min-distance: assign
helpers by minimizing the total distance between each helper-helpee pair; (3) V2I-BW:
assign helpers by selecting the helpers with higher V2I bandwidths; (4) V2V-intf: assign
helpers by maximizing the interference score on the V2V network; (5) Offline-optimal: an
offline-generated solution by examining all possible assignments at each scheduling interval
with the best performance.

Figure 3.16 shows the benefits of Harbor’s strategic helper assignment leveraging different
information sources. The 90th and 95th percentile latency have improved by 43.8% and 38.8%
compared to the baselines. As the baseline assignment algorithms often optimize a single
factor, they fail to perform well in all settings. By considering all different factors that affect
V2I and V2V data transmission, Harbor becomes more robust under various driving and
network conditions, thus greatly improving the tail latency. Furthermore, Harbor achieves
90th and 95th percentile tail latency that is 91.8% to 92.8% close to the offline-optimal scheme.

Timely Detection Result Delivery. We compare Harbor’s fast detection result strat-
egy with three baseline strategies: (1) Baseline: Harbor without the entire fast detection
result delivery design (§3.3.4); (2) Prioritization, which adds the MAC layer prioritization
on top of the baseline; (3) Deadline-aware (DDL-aware), which incorporates server-side
deadline-awareness in frame merging to the baseline. Figure 3.17 shows the effectiveness
of Harbor’s decisions in fast detection result delivery. Both MAC-layer result message pri-
oritization and server-side deadline awareness reduce the average detection latency by over
19.0%. Harbor achieves a higher latency improvement of 38.3% by leveraging both tech-
niques. Harbor also improves 90th percentile latency by 25.6% (42.6%), compared to Prioriti-
zation (DDL-aware). While the MAC-layer result message prioritization module necessitates
modifications to the lower layers of the operating system’s network stack, its demonstrated
effectiveness suggests that future integration with existing CAV hardware platforms (e.g.,
NVIDIA DRIVE AGX [32]) could enable its practical deployment in current autonomous
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vehicle systems. Such integration would allow this optimization to enhance real-world CVP
solutions by improving data transmission efficiency and reducing latency in various situa-
tions.

3.6 Discussion and Related Work

Security and Privacy of Collaborative Perception Systems. While beyond the scope
of this work, security problems might arise in collaborative vehicular perception systems. Ma-
licious vehicles can send fake/modified data to affect the collaborative detection results [188].
Under the context of Harbor, both infrastructure and vehicles can take actions to improve
system security: 1) Edge server can leverage public key infrastructures (PKI) [190] to issue
certificates to authorized vehicles and revoke access whenever anomaly behavior is detected.
2) On vehicles, Trusted Execution Environment (TEE) [99] can be deployed to help prevent
data spoofing and modification from attackers. At the application level, Harbor can leverage
existing multi-vehicle collaboration defense method [226] to check sensor data consistency.
Hybrid V2V+V2I Vehicular Communications. [155] leverages V2V network to speed
up V2I file uploading to the roadside unit for a single source vehicle. [192] proposes the V2X
protocol for optimizing network message propagation by allowing protocol switching between
V2V and V2I. Different from previous work in this space, CVP imposes new challenges in
that data uploading from different vehicles needs to be jointly optimized, i.e., collaboration of
multiple data traffic, to reduce perception latency. Our system Harbor focuses on assisting
3D CVP tasks by strategically utilizing V2V and V2I network resources. The design of
Harbor optimizes the overall delay for all nodes participating in the collaboration and jointly
handles bandwidth-intensive uplink and latency-sensitive downlink transmissions.
Cooperative Vehicular Perception. Various efforts have been made on cooperative
vehicular perception. Existing data sharing systems either transfer sensor data or processed
features between vehicles [163, 62, 118, 198, 164] or directly send each vehicle’s data to
a server [228, 117, 138]. Our work advocates using both V2V and V2I to better adapt
to different network connectivity and bandwidth conditions. We develop solutions for the
dynamic establishment of V2V and V2I channels, and algorithms that efficiently assign relay
vehicles considering the wireless network and physical properties. As mentioned in §4.2, while
we focus on CVP data-sharing at the raw-data level, the underlying principle of Harbor can
be applied to collaborative perception designs that share intermediate features. We left the
integration of intermediate feature-based sharing with Harbor as future work.
Collaborative Mobile Systems. Harbor is partially inspired by mobile systems involving
network-interface-level or device-level collaborations [157, 238, 46, 110, 108]. They focus on
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various applications such as smartphone file download and video streaming. In contrast, our
work targets the CVP domain, and thus faces unique challenges as described earlier (§3.1).
Peer-to-peer Wireless Multicast Systems. Collaborative vehicular perception tasks in-
volve sharing data among multiple vehicles or agents in a dynamic wireless network. While
Harbor focuses on combining V2V and V2I for better CVP performance, peer-to-peer (P2P)
multicast technologies can potentially further enhance the efficiency of such data exchanges.
Innovations in wireless multicast protocols [79, 205, 124] demonstrate that multicast can
improve bandwidth utilization and reduce communication overhead in scenarios with multi-
ple participants. These technologies are particularly relevant for CVP systems like Harbor,
where multiple vehicles need to access the same control data and perception results. Incor-
porating peer-to-peer multicast strategies could further reduce the latency of data dissemi-
nation, especially in environments with dense vehicular traffic. Future extensions of Harbor
could leverage these technologies to optimize data sharing between helper and helpee vehi-
cles, further enhancing the system’s scalability and efficiency.

3.6.1 Summary

Harbor bears several limitations. First, due to its opportunistic nature, Harbor is best-effort,
without any service quality guarantee or bound. Second, our design and evaluation focus
on a single edge node’s service area (with multiple subareas supported though, see §3.3.1).
How to scale up Harbor to the city level requires further research. Third, our current
implementation only incorporates basic security measures such as end-to-end encryption for
point cloud upload’s confidentiality and edge’s signature for edge-returned results’ integrity.
More efforts (e.g., multi-vehicle collaboration defense [226]) are needed to defend various
attacks in hybrid CVP.

Despite the above limitations, as a first-of-its-kind hybrid CVP system, Harbor consid-
erably outperforms existing V2V- and V2I-only schemes, as backed up by extensive field
tests and large-scale emulation. We envision deep collaborations among CAVs, edge/cloud,
smart road infrastructure, and even unmanned aerial vehicles (UAVs) to be a key enabler
of next-generation transportation systems. Our work makes an important step towards this
ambitious goal.

40



CHAPTER 4

Robust Real-time Multi-vehicle Collaboration on
Asynchronous Sensors

4.1 Introduction

Connected and autonomous vehicles (CAVs) rely on a variety of advanced on-board sensors
(e.g., GNSS, camera, Radar, and LiDAR) to localize their ego pose in relation to local road
elements (e.g., lanes, traffic signs), as well as to detect other traffic participants. However,
the effective range of sensors can be limited. For example, off-the-shelf LiDAR sensors have
an effective range of about 80 meters [29], beyond which the resolution of sensor data (i.e.,
point cloud) decreases drastically. To this end, collaboration among CAVs as well as roadside
infrastructure can enhance the perception capability of individual CAVs by extending the
perception range and covering occluded areas. Through shared sensor data, each vehicle
is able to broaden its perception of the surrounding environments, make more accurate
predictions, and thus plan its driving behaviors more optimally.

Cooperative perception [113, 62, 198, 228, 164, 69, 210, 209, 101] is gaining traction in
the research community in recent years. One challenge is system scalability. The bandwidth
usage of sharing raw sensor data is not sustainable, even with state-of-the-art wireless com-
munication technologies. If naively sharing full frames of high-fidelity data, the estimated
bandwidth usage exceeds 300 Mbps [228], which is far beyond the capacity of current vehic-
ular networks (e.g., C-V2X at tens of Mbps) [211, 193]. To tackle this problem, one could
first partition the raw point cloud into regions and then only transmit the most relevant
regions. We call such approach Partition and Selective Sharing. For instance, EMP [228]
shares close-range points while AutoCast [164] shares the points of objects with low visibility
and high relevance to planning.

Though successful in addressing scalability, this selective sharing approach faces two fun-
damental challenges: (1) During data fusion, a vehicle’s local sensor data and data from
remote vehicles (or infrastructure) are asynchronous, or captured at different times, due to
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different sensor configurations on both sides and unpredictable wireless transmission delay.
The time gap between two frames can be larger than 100 ms [21, 178], leading to inaccurate
data merging and damaged performance of downstream perception tasks. (2) The indirect
estimation of occluded areas can be inaccurate. Particularly, instead of utilizing a vehicle’s
direct and more accurate insight of its own occluded areas, both EMP and AutoCast obtain
location estimates by either inquiring others or using simple heuristics. Without knowing
the exact locations and shapes of obstacles blocking the views, such practices may fail to
share critical occluded areas.

In this paper, we focus on improving cooperative perception by tackling the challenges
caused by asynchronous sensor data and inaccurate occlusion localization. To achieve this,
we develop RAO, a Real-time Asynchronous Occlusion-aware multi-vehicle cooperative per-
ception system, in which the merged sensor data consistently and accurately cover the oc-
cluded areas (e.g., blind spots of vehicles), without incurring additional processing latency.
While we use LiDAR as an illustrative example to represent generic 3D geometric features
in surrounding environments, RAO can also be applied to other sensors like stereo camera
or Radar.

We develop event-driven, asynchronous protocols for LiDAR sensors, enabling four sepa-
rate point cloud processing and sharing tasks to be conducted in parallel without introducing
additional delay: (1) When a vehicle gets a local LiDAR image, it generates and shares an
occupancy map, which is a 2D map that labels free areas and occupied areas on the road.
(2) Simultaneously, in each LiDAR scanning cycle, each vehicle sends data requests to ask
remote vehicles or infrastructure for LiDAR data. The data requests are optimized to max-
imize the quality of the merged point cloud. (3) Upon receiving the data requests, the data
is prepared and sent back to the corresponding vehicles. (4) Once a vehicle receives a local
LiDAR sensor image, it merges the image with requested sensor data and then conducts
downstream perception tasks, such as object detection and tracking.

To address the challenge of merging asynchronous sensor data, we design a novel motion-
compensated occupancy flow prediction method, suitable for challenging automotive sce-
narios featured with high vehicle mobility as well as asynchronous and noisy data. Our
prediction method provides sufficient resilience against asynchronous data in multi-vehicle
perception collaboration by leveraging motion information calculated from previous frames.
Moreover, to tackle the challenge caused by incomplete occlusion estimation, we take an
ego-centric approach that allows a vehicle to determine its own occluded areas because the
vehicle has direct and more accurate knowledge of these areas. Compared to prior art that
relies on remote vehicles’ indirect estimation, our solution enables the merged sensor data
to cover more occluded areas with improved perception accuracy.
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Figure 4.1: Two scenarios where cooperative perception helps.

To evaluate RAO, we implement a prototype and run the system in a realistic setup where
vehicles transmit and process LiDAR data asynchronously. Utilizing three datasets collected
from both real-world and photo-realistic synthesized driving scenarios, we show that RAO
yields a 34% and 14% improvement over state-of-the-art solutions in perception coverage
and accuracy, respectively. RAO is lightweight; it only introduces an extra latency of 8.5ms
to the perception process on the consumer side and generates a data volume of 10.9 KB per
frame, on average. Extensive experiments demonstrate that RAO performs well across a rich
variety of map topologies and driving scenarios.

The key contributions of this work are as follows:
• We identify the challenges of synchronization and inaccurate occlusion localization in
practical cooperative sensor sharing and analyze their impacts on cooperative perception.
• We design and implement RAO, a real-time multi-vehicle cooperative perception frame-
work, with robustness against asynchronous data and efficient data sharing scheduling.
• We propose innovative designs of occupancy flow prediction and on-demand data shar-
ing that can efficiently synchronize LiDAR point clouds captured at different timestamps,
enabling a seamless multi-vehicle data alignment and fusion.
• Through systematic experiments on two large-scale datasets and one field test, we demon-
strate that RAO brings significant performance improvements to perception accuracy and
coverage with minor system overhead.
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Figure 4.3: Merged point clouds from two vehicles (A and B) at various levels of synchro-
nization (Bird-eye view).

4.2 Motivation

In this work, we focus on early-fusion cooperative perception [62, 198, 164, 210], where
vehicles share LiDAR data via a wireless network and process data locally. Operating on
raw sensor data enables flexible use of merged data. Efficient data sharing is made possible
with mature network infrastructure and proper data partitioning. However, existing system
proposals have severe limitations, including inaccurate data fusion due to the asynchronous
nature of multi-vehicle data sharing and insufficient shared data due to incomplete occlusion
detection. We discuss these issues in detail in §4.2.1 and §4.2.2, and address them by
achieving the design goals itemized in §4.2.3.

Terms. We refer to a vehicle that receives sensor data as a consumer. Others, such as
vehicles and roadside infrastructure, that share sensor data with consumers are producers.
Note that a vehicle can play both roles simultaneously.

4.2.1 Asynchronous Sensor Data

Existing early-fusion cooperative perception proposals merge asynchronous sensor data, but
few address the resulting inaccuracy problems. To this end, we break down the synchroniza-

44



tion problem and analyze the temporal order of events in cooperative perception depicted in
Figure 4.2.

Inter-vehicle time gap. Vehicular LiDAR sensors producing data periodically (the
cycle is 100 ms for most commercial LiDAR sensors [29]). However, the capture time of
LiDAR images on different LiDARs are not synchronized, leading to inevitable gaps between
timestamps of LiDAR images from every two vehicles. For example, in Figure 4.2, the
producer gets a LiDAR image from its local sensor at timestamp 0 ms, while the consumer’s
next image is generated between 0 ms and 100 ms. For each pair of a producer and a
consumer, we define the inter-vehicle time gap as the time difference between the generation
of the producer’s LiDAR image and the generation of the consumer’s next LiDAR image.
Note that this time gap is primarily attributed to the configuration of LiDAR devices thus
it cannot be mitigated by traditional clock synchronization methods such as NTP [148].

Data arrival delay. Even though a producer sends its LiDAR data, the data does not
arrive at the consumer immediately. The data undergoes pre-processing (e.g., partitioning,
compression), transmission, and post-processing (e.g., decompression) before the consumer
can use it. As presented in previous works [62, 198, 228], the entire processing duration
rarely falls below 100 ms, and thus cannot be ignored. We define the data arrival delay
as the interval between a producer generating local LiDAR data and a consumer receiving
processed, ready-to-use data.

Due to the above factors, a consumer may not have the producers’ latest LiDAR data when
generating its own local data. However, to minimize the latency of downstream perception
tasks, most existing cooperative perception solutions opt to immediately perform data fusion
and perception upon receiving their local LiDAR data. In this way, since LiDAR data fusion
is a simple process of merging 3D points, these systems introduce little additional latency to
perception tasks compared with single-vehicle perception.

The question is how dated the producer’s data can be in such systems. Formally, given
a producer and a consumer, we denote the LiDAR cycle time (e.g., 100 ms) by T , the
inter-vehicle time gap by δ1, and the data arrival delay by δ2. By definition, δ2 inevitably
contributes to the data fusion’s time gap. There is also a time gap between data arrival and
the consumer generating its next LiDAR image, (δ1 − δ2 mod T ). Therefore, the total time
gap of data fusion is:

δ = δ2 + (δ1 − δ2 mod T ), 0 ≤ δ1 < T, δ2 > 0. (4.1)

Ideally, the producer’s data arrives at the moment of the consumer’s data fusion. In this
case, δ1−δ2 mod T is zero, and δ is equal to δ2. In contrast, in the worst case, the producer’s
data arrives right after the data fusion. δ goes up to δ2 + T .

45



Missing Obstacles Incomplete Obstacle Shapes

Producer

Obstacle not 
detected by 
the producerConsumer

Consumer’s blind spot 
missed by the producer

Producer

Consumer

Part of obstacle is 
visible to producer

Estimated 
blind spot

Real blind spot

Figure 4.4: Inaccurate blind spot estimation (the consumer’s/producer’s points and heading
in black/blue).

Such synchronization problems are not explicitly discussed in existing cooperative percep-
tion proposals. False tolerance mechanisms in conventional robotic perception may not be
ideal for CAVs, primarily due to the intricate driving scenarios and the strict latency require-
ments. For instance, registration algorithms (e.g., ICP) are used in multi-robot SLAM [77]
to calibrate generated maps. This approach spatially aligns maps of stationary objects but
cannot address asynchronous time frames. Alternatively, other approaches [168, 90] employ
motion models (e.g., kinematics models) to forecast the behavior of moving objects. How-
ever, obtaining such motion models can be challenging for remote unidentified vehicles on
the road. For connected vehicle applications, AutoCast [164] reports that both its data pro-
cessing and transmission are barely below 100 ms. As a result, when the inter-vehicle time
gap is close to 100 ms, the worst-case data fusion time gap is almost 300 ms according to
Equation 4.1, during which a 60 km/h vehicle can shift its position by 5 meters. As shown
in Figure 4.3, objects can hardly be recognized in the merged point clouds without proper
synchronization. V2VNet [198], a deep learning model for intermediate-fusion cooperative
perception, uses neural networks to compensate for the time gaps. It states that synchro-
nization on raw point clouds is nontrivial, and therefore is not implemented in its evaluation.
VIPS [178] tolerates the asynchronization by aligning bounding boxes from different CAVs,
which is effective only in object-level sharing schemes. Autonomous vehicles [22, 21] com-
monly use high-definition (HD) maps for accurate positioning but maps alone cannot address
the asynchronization problem as the errors come from inconsistent timestamps instead of
inaccurate localization. To the best of our knowledge, there is no existing work addressing
the early-fusion synchronization challenge.

4.2.2 Incomplete Occlusion Estimation

To reduce transmission latency, early-fusion cooperative perception schemes usually shrink
the size of shared LiDAR data. Besides compression and sampling, previous works [163, 164]
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propose sharing only critical regions, i.e., blind spots1 of others. This is based on the
insight that improving sensor data quality in well-observed regions does not greatly benefit
downstream tasks. For instance, in EMP, vehicles share LiDAR data in close areas, based on
Voronoi Diagram [48]. In AutoCast, producers estimate the blind spots of consumers based
on the consumers’ views. Specifically, producers in AutoCast acknowledge the location
of consumers, localize on-road objects, and finally perform simple ray casting to “guess”
consumers’ blind spots occluded by these objects. Thanks to the blind spot estimation,
AutoCast can cover more areas after data fusion than EMP. However, the estimated occluded
areas can significantly differ from the ground truth. We analyze the sources of inaccuracies
as follows.

First, each producer’s perception range is limited and thus may not observe all obstacles
blocking consumers’ view. Without knowing the specific obstacle location, the provider
can hardly identify the area behind that obstacle; in contrast, the consumer has accurate
knowledge of its own occluded areas. As shown in Figure 4.4, one occluded area of the
consumer, over 50 m2, is missed by the producer because the key obstacle causing the
occlusion is unknown to the producer.

Second, producers cannot recognize the complete shape of obstacles, and thus the ray-
casting method is sometimes inaccurate in identifying occluded areas. In Figure 4.4, the
producer observes a key obstacle that may block the consumer’s view but can only see one
side of the obstacle without knowing the depth. As a result, when the producer uses the
partial obstacle for ray casting, it implicitly assumes that the consumer can “see-through”
the rear part, causing the estimated occluded areas to be much narrower than the ground
truth.

Due to these inaccuracies, producer-centric occlusion estimation often misses actual oc-
cluded areas of consumers, degrading the benefits of data sharing.

4.2.3 Design Goals

In building RAO, we aim to solve the above problems while achieving real-time robust
cooperative perception.
• Robustness against asynchronous data. Under realistic driving scenarios where ve-
hicles share asynchronous sensor data, RAO should produce accurate perception results.
• High occlusion coverage. A large proportion of occluded areas should be filled with
sensor data from remote vehicles.

1We define blind spots as areas that cannot be directly perceived by a vehicle itself, caused by occlusion
or long distance. We also use the terms blind spots and occlusion interchangeably.
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• Real-time protocol. The execution of RAO’s protocol should meet the real-time require-
ments of real-world vehicle perception systems. To be specific, each perception cycle should
be finished within 100 ms [135].
• Negligible additional latency for perception. Compared to single-vehicle perception,
RAO should not cause any observable delay for vehicles to get perception results.

4.3 System Design

We describe how RAO satisfies each design goal outlined in §4.2.3. After shedding light on
how to overcome the limitations of prior work in §4.3.1, we present key components and the
general workflow of RAO in §4.3.2. We then elaborate the detailed design of three critical
components: occupancy map generation, occupancy flow prediction, and data scheduling, in
§4.3.3, §4.3.4, and §4.3.5, respectively.

4.3.1 System Overview

To tackle the inaccuracy problem caused by asynchronous data (§4.2.1) and incomplete blind
spots (§4.2.2), we propose two novel solutions, occupancy flow prediction and on-demand data
scheduling, in our design of RAO.

Occupancy flow prediction. Although sensor data items arriving at consumers are
inherently asynchronous, one can still manage to synchronize the received point clouds from
different producers using an intelligent prediction mechanism. While there is a rich body
of literature on scene flow prediction that predicts the subsequent frame of a LiDAR image
based on previous frames [122, 128, 87, 72], these algorithms are not suitable for our targeted
applications. They fail to generate results sufficiently fast for real-time perception, with most
requiring near or over 100 ms. Also, we aim to synchronize point clouds to any given future
timestamp to compensate for the arbitrary time gaps between LiDAR images, while existing
algorithms are frame-wise and can only synchronize point clouds at fixed intervals.

To achieve real-time prediction, we simplify the prediction problem by considering the
uniqueness of CAV scenarios: the data asynchronization is mainly reflected on objects (e.g.,
vehicles) moving on a surface (e.g., ground). Therefore, unlike conventional approaches that
focus on independent LiDAR points, we propose an efficient prediction algorithm that only
tracks non-ground clusters of points. Using our mechanism, upon receiving a local LiDAR
image in each frame, the vehicle clusters the LiDAR points to localize on-road objects and
estimates the motion of clustered objects by comparing the corresponding clusters across
consecutive frames. In this way, whenever synchronization is needed, even if the received
data frame is missing or delayed, the consumer can leverage prediction to compensate for
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Figure 4.5: System Architecture of RAO.

arbitrary time gaps.
On-demand data scheduling. To detect blind spots, we argue that consumers them-

selves have the most accurate and reliable information because they can readily recognize
areas with few or even no LiDAR points and mark these areas as occluded areas. Inspired
by this insight, we advocate that consumers should proactively request data on specific areas
from producers, which is a departure from current mainstream approaches such as EMP [228]
and AutoCast [164] where producers have to “guess” consumers’ blind spots. The advan-
tages of this consumer-centric approach are twofold: (1) It improves the accuracy of blind
spot estimation since the consumer knows the best; and (2) proactive data requests by con-
sumers prevent duplicate data shared by multiple producers, thus eliminating unnecessary
bandwidth usage.

4.3.2 System Components

In RAO, the producers and consumers are connected by vehicular wireless networks that
allow for the exchanges of sensor data and control messages. RAO’s protocol is event-driven,
meaning that protocol tasks are executed by producers and consumers asynchronously. As
shown in Figure 4.5, the execution of protocol tasks is triggered by certain events, either a
new data frame being generated or a prior process being completed. The workflow of RAO
can be divided into four separate tasks: occupancy map generation, data request generation,
data response generation, and data fusion.

Occupancy map generation is responsible for producing occupancy maps, in which
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on-road objects, free-to-drive areas, and invisible areas are labeled in the 2D space. For each
vehicle, after its LiDAR sensor generates a local LiDAR image, this component immediately
starts to generate an occupancy map and broadcasts the map once finished. The occupancy
map generation process involves several steps: (1) RAO runs LiDAR segmentation to sepa-
rate LiDAR points into ground points and object points. (2) Then our clustering algorithm
assigns the object points into separate groups of objects, and the object tracking algorithm
applies correlation on clusters across consecutive frames. (3) To estimate the object mo-
tions, which are later used for occupancy flow prediction, RAO leverages 3D point cloud
registration to obtain accurate transformation of each cluster over two consecutive frames,
from which motion parameters (e.g., velocity) are extracted. (4) Finally, the occupancy
maps along with their corresponding tracks and motion parameters, are bundled together
and broadcast over the V2V network.

Data request generation is executed on consumers to determine what data requests
should be sent to producers. Once the consumer generates its local occupancy map, this
process is triggered. An essential part of this process is data scheduling, which assigns needed
LiDAR data that covers the identified blind spot areas to available producers. To achieve
high-quality fusion of LiDAR data, the producers’ LiDAR data should have a reasonably high
resolution (i.e., density of points). To achieve this goal, a consumer first (1) synchronizes
different occupancy maps on both the consumer and producer sides to the timestamp of
its next LiDAR cycle using our occupancy flow prediction method; (2) Then the consumer
solves an optimization problem to assign each needed blind spot area to the producer who
can provide the best quality of sensor data on that area. (3) The consumer sends out a
sequence of requests to corresponding producers.

Data response generation is executed on producers and is triggered by receiving con-
sumers’ data requests. For each received data request, the producer fetches its latest locally
generated LiDAR image and partitions it into the interested areas per request. Then the
producer synchronizes the partitioned image into the timestamp requested by the consumer
and sends it back to the consumer. This synchronization step, again, leverages our occupancy
flow prediction method.

Data fusion is the final process that merges available LiDAR images from different
vehicles, before feeding the generated outcome to downstream perception modules. Once a
consumer vehicle gets its local LiDAR image, it immediately collects LiDAR data shared
by other producers, transforms all LiDAR images to the same coordinate system, and then
combines them. No additional data processing is needed since the producers have already
executed partitioning and synchronization tasks, delivering the transformed data. Thanks
to its simplicity, RAO introduce no observable latency onto downstream modules.

50



Point SegmentationLiDAR
Image

Area Segmentation Time
Object Tracking

Ego 
Vehicle

d=3.8m

d=1.1m

d=3.6m

d=0.9m

density=547 density=538

density=46density=48

Time
Motion Estimation

Density-aware Multi-object Tracking Registration-based Motion Estimation

Frame i-1 Frame i

Frame i-1 Frame i

Registration ⇒ Transformation T

T ⇒ Translation, rotation

T

Fine-grained Polygons

Convex hulls on 
object points

Free area sectors 
determined by 

closest object points

Figure 4.6: Demonstration of the generation of motion-aware occupancy maps.

Note that RAO is a framework built on the fundamental CAV architecture. We assume
the CAVs can actively discover nearby CAVs and establish bi-directional V2V connections
via C-V2X or DSRC. The CAVs also communicate their poses and locations (GPS/IMU),
which are required for transforming LiDAR data to the same coordination system.

In the remainder of this section, we elaborate on our designs of three major mechanistic
components in RAO.

4.3.3 Motion-aware Occupancy Map

This component generates an occupancy map, which not only labels the location of on-
road objects but also tracks their mobility trajectory and their motion parameters. Existing
deep learning-based perception solutions are not suitable for generating occupancy maps
because they require significant computing resources and serve different goals. In RAO, the
occupancy map acts as metadata frequently shared among CAVs, in order to guide efficient
scheduling of overall data sharing. To this end, occupancy maps need to be lightweight
in computation and communication overhead. In contrast, perception algorithms based on
deep learning, such as 3D object detection and tracking, are performed on the merged sensor
data after the data fusion. Occupancy maps indirectly benefit those expensive perception
algorithms by improving the quality of data fusion. We introduce the generation of occupancy
maps as follows.

LiDAR point segmentation. We first remove less useful background points that fall
outside of the road regions, leveraging HD maps provided by autonomous driving systems [22,
21]. Then, we use existing ground detection algorithms [82, 159] to detect the ground plane
and remove LiDAR points on the ground. By clustering the remaining points, we can
identify all the non-ground objects on the road, with each cluster representing a unique
on-road object. This method has been proven to be effective in prior art [75, 204, 223].
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Area segmentation. After identifying on-road objects, we generate a fine-grained repre-
sentation of 2D space occupancy, which classifies the 2D space into three categories: occupied,
free, and occluded. (1) Occupied areas are generated by computing the convex hulls [49] of
the object clusters. (2) Free areas represent the region containing only ground points. As
demonstrated in Figure 4.6, we split the 2D space evenly into sectors whose vertex is the
LiDAR location (the number of sectors is configurable for various granularity). In each sec-
tor, we measure the distance from the LiDAR location to the closest non-ground point and
label the area within the distance as a free area. (3) Occluded areas are our key interests
in cooperative perception. They constitute the areas that are neither free nor occupied and
can be readily derived by subtracting the occupied and free areas from the entire area. Fig-
ure 4.6 illustrates the 2D area segmentation on LiDAR point clouds obtained in real-world
environments.

Unlike conventional grid-based occupancy maps [112, 164, 125], our occupancy map splits
areas using polygon representation. This approach offers two significant benefits over grid
representation: (1) polygons can represent arbitrary shapes with better precision; (2) by
adjusting the outline smoothing factor, polygon representation is more flexible to strike the
right balance between reconstruction accuracy and data size. For instance, LiDAR points are
too large, bounding boxes cannot represent arbitrary shapes, and grids are not data-efficient
as a large empty area could involve lots of grids.

Motion estimation. In addition to on-road object detection, motion state is also needed
in RAO. The traditional motion modeling-based approaches [217, 181] such as kinematic
models cannot be used for occupancy maps, since (1) one can hardly obtain accurate motion
parameters of on-road objects required by the motion modeling and (2) the shape of occupied
areas alters over time due to ever-changing visual angles. To address these challenges, we
leverage similarity metrics that are specific to point clusters (e.g., the distribution of points),
to estimate the motion of objects over frames.

In RAO, we design a density-aware multi-object tracking algorithm for point clusters.
Inspired by AB3DMOT [201], a baseline for 3D multi-object tracking, we utilize the affinity
matrix2 for multi-object tracking and re-design the matrix as follows: Given any two objects
(i.e., occupied areas), we define the affinity score as a weighted sum of two items, (1) the
distance between the mass centers of two clusters’ convex hulls, and (2) the difference in
point density as the number of points divided by the area of the convex hull. Convex hulls
can be directly calculated from point clouds without the need for additional object detection
algorithms, minimizing potential sources of inaccuracies. The affinity score of the two clusters

2The affinity matrix hosts scores of similarity between possible object pairs across two frames. Similar
objects tend to be linked in the same track.
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is given by Equation 4.2, where X1 and X2 denotes two clusters in consecutive frames and
w1, w2 are coefficients.

f(X1, X2) = w1 · L2(X1, X2)−1 + w2 · |
Size(X1)

Area(X1)
− Size(X2)

Area(X2)
| (4.2)

We then estimate an object’s motion based on its point clusters in two consecutive frames,
denoted by X t

i and X t′
i where i is the object ID and t/t′ (t′ > t) are the timestamps of the two

frames. We first select the mass center of the earlier occupied area as one reference point (it
will act as the “center” of the object in the later perspective transformation process). Both
point clusters are transformed in order to use this reference point as their origin. We denote
the centering transformation by transformation matrix T t

i,center. Formally,

Y t
i = T t

i,center ·X t
i , Y t′

i = T t
i,center ·X t′

i , (4.3)

where Y t
i and Y t′

i are clusters centered by the reference point.
We then apply the point cloud registration algorithm [94] to discover a transformation

T t′
reg that transforms Y t

i to minimize its squared distance with Y t′
i as follow:

T t′

i,reg =T L2(T · Y t
i , Y t′

i ). (4.4)

Leveraging the rich features of 3D point distribution, the registration between Y t
i and Y t′

i

can accurately capture the pose change over two consecutive frames. Next, we normalize
the transformation matrix T t′

i,reg to represent transformation per time unit. Specifically, we
extract a translation vector and a rotation vector from T t′

i,reg, and divide them by the time
difference (t′ − t) to obtain translation and rotation per time unit. Then we reconstruct the
transformation matrix per time unit as T t′

i,unit. We refer to this operation as Scale:

T t′

i,unit = Scale(T t′

i,reg,
1

t′ − t
). (4.5)

We also update the reference point in timestamp t to t′. Despite on different timestamps,
two reference points refer to the same position on the object itself as

T t′

i,center = T t
i,center · (T t′

i,reg)−1. (4.6)

We store both T t′
i,center and T t′

i,unit as the estimated motion at timestamp t′, which will
be used in occupancy flow prediction (§4.3.4). This motion estimation task is executed
iteratively when a new frame arrives. In RAO, we parallelize the motion estimation process
of different objects in order to reduce processing latency.
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4.3.4 Occupancy Flow Prediction

Occupancy flow prediction is designed for ”synchronizing” data from different vehicles. A
consumer can synchronize its available occupancy maps to a future LiDAR scanning cycle
during data request generation. Similarly, during data response generation, a producer can
synchronize the latest LiDAR image to the timestamp requested by the consumer.

Occupancy map prediction. RAO is able to predict the future state of the occupancy
map at timestamp t′, based on an existing motion-aware occupancy map at timestamp t,
where t′ > t. As discussed in §4.3.3, each occupied area is associated with a motion vector,
containing the centering transformation matrix T t

i,center and unit-time transformation matrix
T t

i,unit, where i indicates the ID of the occupied area. Assuming the vertices of the occupied
area i at timestamp t is X t

i (occupied areas are represented by polygons), we can predict the
location of such vertices at timestamp t′ as:

X t′

i = (T t
i,center)−1 · Scale(T t

i,unit, t′ − t) · T t
i,center ·X t

i . (4.7)

We first centralize the occupied area by using the latest reference point as the origin
and then apply the unit-time transformation. Finally, the occupied area being calculated is
mapped back to the LiDAR coordination. Next, to predict the occluded areas. We calculate
the area occluded by newly predicted occupied areas and compare it with the occluded area
at timestamp t. We remove the occluded area different from the free area SF and add the
new occlusion into the occluded area SC . Free areas can be updated similarly.

LiDAR image prediction. RAO can also predict a future LiDAR image at timestamp
t′ based on an existing LiDAR image along with the motion-aware occupancy map at times-
tamp t. The prediction assumes that the time difference (t′ − t) is as small as 100 ms (a
LiDAR cycle) so that the LiDAR point clouds at two timestamps have a highly similar point
distribution on any object. To achieve this, we first extract LiDAR points associated with
each occupied area. Following the same approach outlined in Equation 4.7, we transform the
points to the predicted locations and replace the original points in the LiDAR image with
the predicted points.

4.3.5 Data Scheduling

Data scheduling assigns the occluded areas of a consumer to different producers capable of
providing sensor data, which determines the efficiency of data sharing. We formulate it as
an optimization problem with a goal to maximize the overall data quality for data fusion.
The metrics of quality are customized by the consumer since different downstream tasks may
value data quality from different perspectives.
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Algorithm 2: Consumer data scheduling.
Input: Synchronized occupancy maps M (i) = (S(i)

O , S
(i)
F , S

(i)
C ), i ∈ {0, 1, . . . , N}, including

occupied areas SO, free areas SF , and occluded areas SC ; M (0) is the consumer’s map
while others are producers’ maps.

Output: A mapping assigns areas to producers: A.
1 H ← MaxHeap;
2 A← HashMap;
3 for Producer i ∈ {1, 2, . . . , N} do
4 for S

(i)
O,j ∈ S

(i)
O S do

5 c
(i)
j ← Score(S(i)

O,j , ·);
6 MaxHeapAdd(H, c

(i)
j , S

(i)
O,j);

7 end
8 end
9 while H ̸= ∅ do

10 S
(i)
O,j ← MaxHeapGet(H);

11 S
(0)
C ← S

(0)
C − S

(i)
O,j ;

12 HashMapAdd(A, S
(0)
C ∩ S

(i)
O,j , i);

13 end

We propose to solve the optimization problem through a lightweight greedy search al-
gorithm. As defined in Algorithm 2, data scheduling relies on occupancy maps from both
the consumer and available producers. Prior to algorithm execution, all occupancy maps
need to be (1) synchronized to the timestamp of the next LiDAR cycle using occupancy flow
prediction (§4.3.4), and (2) transformed into the same coordination system using perspective
transform (§4.3.2).

The scheduling algorithm is executed by the consumer and consists of the following steps:
(1) For each occupied area in producers’ occupancy maps, we calculate a customizable prior-
ity score and sort all producers’ occupied areas in descending order of priority scores. (2) We
process producers’ occupied areas one by one, from higher scores to lower scores. For each
occupied area, we calculate its intersection with the consumer’s occluded areas. If an empty
intersection is present, this occupied area is discarded; we then assign all the non-empty
intersection areas to the producer. (3) To prevent sharing duplicate data from multiple
producers, we remove the assigned area from the list of the consumer’s occluded areas. We
repeat steps (2) and (3) on all producers’ occupied areas until the data assignment process is
finished. Note that producers do not share ground points, which are in large size but make
little contribution to perception.

We define the priority score as the distance between the producer’s LiDAR and the
occupied area. A shorter distance leads to a higher LiDAR point density, bringing richer
features to downstream tasks. Note that the score definition is customizable for various
purposes (e.g., producer reputation).
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4.4 Implementation

We build a prototype of RAO for the purpose of evaluation.
Emulator. We implement an emulator of asynchronous multi-vehicle cooperative perception
in Python with 1037 lines of code (LOC). The emulator accepts pre-recorded sensor traces
of multiple vehicles as input, including LiDAR point clouds and 3D poses of LiDAR sensors
over consecutive frames. Note that the emulator is an event-driven system that executes
data processing and data transmission asynchronously on multiple vehicle instances. The
latency of data processing is directly measured by executing our algorithm implementations
while the transmission latency is measured using recorded network traces.
Algorithms. We implement the core algorithms of RAO, including occupancy map gener-
ation, occupancy flow prediction, and data scheduling, with 870 LOC in Python and 5,053
LOC in C++. The C++ programs are algorithm implementations optimized to minimize
the computation overhead. The Python implementation serves as an interface bridging the
emulator and C++ programs. For ground detection, we use RANSAC [82]. For object track-
ing, we use parameters w1 = 1 and w2 = 0.01 for the affinity score and ICP [94] for point
cloud registration. Data scheduling employs a distanced-based priority score as described in
§4.3.5.

4.5 Evaluation

We conduct an extensive evaluation of RAO to demonstrate its performance under realistic
traffic scenarios (including using real-world datasets). We answer the following questions
to prove how RAO satisfies our design goals listed in §4.2.3: (1) How much performance
improvement can RAO bring to downstream perception tasks on asynchronous sensor data
when compared to state-of-the-art works? (2) What is the coverage of occlusion achieved by
RAO’s perception sharing? (3) Is RAO fast enough to support real-time operations?

We first introduce our experimental setup (§4.5.1). Then we examine the end-to-end per-
formance (§4.5.2) on a suite of large-scale multi-vehicle data sets (including both simulation
and empirical traces) to analyze RAO (§4.5.3), followed by system overhead analysis (§4.5.5)
and ablation study (§4.5.4). Finally, we conduct a case study in a real-world setup to show
RAO’s advantages over the prior art.

4.5.1 Experimental Setup

Datasets. We evaluate RAO using three datasets: (1) a real-world vehicle-infrastructure
dataset, DAIR-V2X-C [219], (2) a simulation-based multi-vehicle dataset, CARLA-SUMO,

56



and (3) a real-world V2V dataset collected at Mcity [27].
• DAIR-V2X-C is a large-scale dataset consisting of 40k asynchronous frames The data is
captured by a vehicle-mounted LiDAR and an infrastructure LiDAR deployed at 28 inter-
sections in Beijing. We further process it by selecting consecutive frames of vehicle and
infrastructure data, with each scenario spanning over 10 seconds (i.e., 100 frames).
• CARLA-SUMO is an asynchronous multi-vehicle dataset that we collect using
OpenCDA [24] based on the co-simulation of CARLA autonomous driving simulator [26]
and SUMO traffic simulator [25]. The dataset features diverse road scenarios including
straight roads, interactions with two-way single and two lanes, and T-intersections. We set
the vehicle speed to up to 50 kph, which is consistent with the average speed limit on urban
roads [28]. It contains 2-5 CAVs and 10-50 non-CAVs in each scenario and a total of 6880
frames.
•Mcity is a mock city for road testing CAV applications in real-world setup, where we deploy
3 Lincoln MKZ vehicles (CAVs) equipped with OxTS RT3000v3 GPS, Velodyne VLP-32C
LiDAR, and Cohda MK6C OBU as a C-V2X receiver. We create 8 challenging driving
scenarios that involve occluded or far-away objects. For each scenario, we collect LiDAR,
GPS, and C-V2X traces from all CAVs for 15 seconds.
Perception models. We adopt Pointpillar [120] as the backbone object detection neural
network for perception-related tasks. For DAIR-V2X-C and CARLA-SUMO, we use pre-
trained models provided by DAIR-V2X [219] and OpenCOOD [210], respectively. For Mcity
data, we fine-tune the OpenCOOD model for 10 epochs to adapt it to Mcity sensors.
Baselines. We evaluate RAO against the traditional single-vehicle perception using local
sensors (Local-only) and two state-of-the-art early-fusion cooperative perception solutions:
(1) EMP [228], a V2I-based cooperative perception system where CAVs selectively upload
LiDAR data to an edge node which executes perception algorithms. Based on the algorithm
of Voronoi diagrams, each CAV shares LiDAR data in close range. (2) AutoCast [164], a V2V-
based approach that optimally determines shared data areas and schedules data exchanges.
Its data-sharing protocol is discussed in §4.2.
High-fidelity Emulation. We feed the sensor data into our RAO prototype (§4.4) and
emulate the network conditions using real cellular network traces [152]. Specifically, the
traces are collected from LTE uplink while driving on urban roads. The bandwidth statistics
of the traces are 15.67 ± 10.38 Mbps. We conduct the experiments on a Linux machine
equipped with a 32-core Intel Xeon CPU and an Nvidia 2080Ti GPU.
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Table 4.1: Object detection accuracy under different multi-vehicle collaboration schemes and
datasets.

Traffic Scene Perception AP@0.5/AP@0.7
Local-only EMP AutoCast RAO

DAIR-V2X-C 48.99/40.78% 48.82/40.68% 50.36/41.18% 53.11/43.49%
CARLA-SUMO 48.63/37.17% 64.08/54.26% 64.91/51.50% 74.79/62.01%
- Town05 40.68/30.18% 48.63/38.25% 63.61/39.88% 69.81/58.72%
- Town06 65.46/48.30% 73.22/53.22% 67.55/58.47% 81.72/65.19%
- Town10HD 40.12/32.58% 64.34/57.18% 69.90/52.50% 78.53/65.25%
Mcity 51.51/41.13% 64.88/50.50% 65.76/48.32% 69.13/51.25%

Table 4.2: Coverage of data sharing.

Overhead Metric Collaboration scheme
EMP AutoCast RAO

Density 0.2132 0.1857 0.2756
Coverage 0.3352 0.2601 0.3585

4.5.2 End-to-end System Performance

Using a combination of simulation data and empirically collected traces, we first evaluate
the end-to-end system performance of RAO to demonstrate how RAO benefits downstream
perception tasks after data sharing.

Perception accuracy. We run 3D object detection (i.e., perception) on the merged
data produced by RAO and baseline schemes. We calculate Average Precision (AP) [2] with
a threshold of Intersection over Union (IoU) to evaluate the accuracy of perception. IoU
measures the overlap between predicted bounding boxes and ground-truth bounding boxes.
A higher IoU value indicates more accurate object detection. The AP metric counts predic-
tion bounding boxes with IoU higher than the threshold as true positives. We adopt IoU
thresholds 0.5 and 0.7, which are commonly used in evaluating CAV perception. Table 4.1
summarizes the overall average precision supported by each scheme.

As shown in Table 4.1, RAO is able to achieve significant improvements in perception
accuracy on all three datasets, compared to other schemes. Overall, RAO improves the AP
at IoU over 0.5 (AP@0.5) by 4% – 30% compared to Local-only, 5% – 19% compared to
EMP, and 4% – 14% compared to AutoCast. Among the three datasets, CARLA-SUMO
demonstrates the best improvements brought by RAO. The goal of creating CARLA-SUMO
was to complement DAIR-V2X-C’s two-LiDAR setup with a larger number of CAVs and
non-CAVs on the road in more diverse driving scenarios (§4.5.1), which is a realistic setting
in large-scale deployment of cooperative perception. It explicitly exposes the challenges of
synchronization and blind spot detection. We mainly focus on CARLA-SUMO for later
analysis in §4.5.3, §4.5.4, and §4.5.5.
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Figure 4.9: Synchronization of LiDAR data in various schemes.

To better understand how accurate the object detection is in RAO, we further plot the
distribution of IoU values in Figure 4.7. In general, IoU is higher in RAO. Compared to
AutoCast, RAO has significantly more accurate predictions (e.g., IoU 0.7-0.9) and fewer
inaccuracy predictions (e.g., IoU 0.2-0.5). This is attributed to the following fact: when a
less synchronized point cloud gets fused to the ego vehicle’s data, it is likely to cause the
predicted bounding boxes of an object to shift away from its ground-truth position. Such a
shift significantly lowers the IoU and also the AP of object detection. Note that, the IoU
values that fall in the leftmost boxes, are equal to zero for all schemes. These are caused by
out-of-range objects.

Coverage of data sharing. RAO’s data scheduling is expected to cover blind spots
more efficiently. To quantify the efficiency of data sharing, we utilize two metrics: the
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density of objects and the coverage of objects. A higher point density potentially leads to
a higher confidence score in object detection, improving the true positive rate. A higher
object coverage, on the other hand, reduces the number of undetected objects, which means
a lower false negative rate. To obtain such metrics, we associate each LiDAR point in each
frame to a specific object using the ground truth labels (non-object points have no associated
objects). Assuming a set of LiDAR images X are generated from different vehicles and they
are finally merged to one single LiDAR image Y via the cooperative perception, for each
object in the scenario, we can calculate the number of associated LiDAR points in X and Y

as NX and NY respectively. We define the metrics as follows, where M is the total number
of objects.

Density = 1
M

M∑
i

N
(i)
Y /N

(i)
X (4.8)

Coverage = 1
M
|{i ∈ N, 1 ≤ i ≤M |N (i)

Y > 0}| (4.9)

Table 4.2 lists the results of the above metrics. Compared to AutoCast, RAO achieves a
50% higher object density score and a 34% higher object coverage. The density and coverage
are also 29% and 7% higher than those of the edge-based EMP. In addition, Figure 4.8 sum-
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Figure 4.13: Perception performance w.r.t.
traffic density.
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Figure 4.15: Perception performance w.r.t. vehicle motion.

marizes the distribution of point density per object (N (i)
Y /N

(i)
X ). Over 90% objects in RAO

have a density score around 0.2-0.4 and very few objects host a high density of points. The
result indicates that RAO distributes shared LiDAR points on more objects instead of aug-
menting a few objects that are already clearly visible. Data scheduling in RAO successfully
covers most objects in the scenarios in an efficient fashion.

Examples. We next show visualized examples to illustrate how RAO tackles the problems
of asynchronous sensor data (§4.2.1) and incomplete occlusion estimation (§4.2.2). As shown
in Figure 4.9, in the baseline schemes without synchronization, the shared points from other
CAVs (blue) will fall out of the ground-truth bounding boxes (green) of the objects, resulting
in an inaccurate prediction (red). Instead, the LiDAR points from different CAVs are well
aligned in RAO, thanks to prediction-based synchronization. Figure 4.10 demonstrates a
higher coverage of blind spots in RAO. The blue points represent the producer’s object
points shared with the ego vehicle (consumer). With the consumer’s knowledge, fine-grained
occluded areas are accurately identified.

61



4.5.3 Impacting Factors

We analyze the following impacting factors to understand how RAO performs in various
driving scenarios.

Distances to the ego CAV. Figure 4.11 presents the number of correctly detected
objects (IoU¿0.5) based on the object’s distance to the ego vehicle. As shown, the most
perception benefits come from the mid-range distances (20-40m and 40-80m range), where
RAO outperforms AutoCast and EMP with 7.04% to 24.03% (0.62 – 1.40) and 3.45% to
18.62% (0.30 – 1.14) more objects detected through collaboration.

Number of CAVs. We can learn from Figure 4.12 that, as the number of CAVs par-
ticipating in the cooperative perception increases, the perception accuracy gains of RAO
become larger. This is due to the fact that, with more vehicles collaborating, the impact
of synchronization grows higher since more vehicles fall out of sync with each other. For
instance, when there are 4-5 CAVs, RAO brings 6.95% and 7.63% improvements in percep-
tion accuracy over AutoCast and EMP, respectively. This is 2× more than the 2-3 CAV
collaboration scenarios. More CAVs also increase system overhead but RAO is scalable, as
analyzed in §4.5.5.

Traffic density. Next, we consider the overall traffic density. We group the scenarios
into three density levels based on the number of all vehicles in each frame. In Figure 4.13,
RAO’s performance remains the best across all traffic density settings, with 4.20% to 9.66%
improvements.

Vehicle motion. CAV motion affects the accuracy of occupancy flow prediction (§4.3.4).
We group perception targets by their velocity and acceleration, and use IoU between the pre-
dicted occupied regions and the ground truth to evaluate prediction accuracy on each group.
As shown in Figure 4.14, prediction accuracy drops gradually as velocity and acceleration
increase, but still achieves 0.4 IoU on average in the worst case (0.5 IoU is considered very
accurate in perception [2]). Figure 4.15 further illustrates the impact of vehicle motion
on end-to-end perception accuracy. Although minor inaccuracy of prediction exists, RAO
consistently outperforms AutoCast and EMP in all situations by 3.65% to 13.60%.

4.5.4 Ablation Study

We do an ablation study to showcase how the two novel designs, occupancy flow prediction
and on-demand data sharing (§4.3.1), improve the performance of cooperative perception.

Benefits of occupancy flow prediction. We create two variants of RAO: (1) one
disables prediction algorithms, meaning that providers’ LiDAR images are not synchronized
with the consumer’s data; (2) the other enables ground-truth synchronization, which directly

62



Town05 Town06 Town10HD
Traffic Scene

0.0

0.2

0.4

0.6

0.8

1.0

Ac
cu

ra
cy

 (A
P@

.5
)

RAO w/o Prediction RAO RAO GT Prediction

Figure 4.16: Ablation study
on occupancy flow prediction.

Town06 Town05 Town10HD
Traffic Scene

0

5000

10000

15000

20000

25000

30000

Sh
ar

ed
 P

oi
nt

s

RAO RAO w/o blindspot-share

Town06 Town05 Town10HD
Traffic Scene

0

20

40

60

80

Sh
ar

ed
 V

ol
um

e 
(K

B)

Figure 4.17: Ablation study on
the on-demand consumer-centric data
scheduling.

2 3 4 5
Number of CAVs

0

5

10

15

20

Ba
nd

wi
dt

h 
De

m
an

d 
(M

bp
s) AutoCast EMP RAO

Figure 4.18: Network
bandwidth requirements
and scalability study.

0 10 20 30 40
Runtime (ms)

Occupancy Map Generation
Data Scheduling

Occupancy Map Transmission
Data Request Transmission

Sensor Data Transmission
Sensor Data Merge

Perception Model Inference
Processing Network Perception

Figure 4.19: Latency breakdown of RAO.

moves objects points according to ground-truth labels and perfectly synchronizes all LiDAR
images in data fusion. Figure 4.16 demonstrates the difference between our proposed RAO
and the two altered versions. The average precision achieved by employing ground-truth
prediction is only 1.97% higher than RAO. This suggests that the synchronization module
of RAO achieves a performance close to the optimal. When disabling prediction, the ac-
curacy of perception drops significantly by 13%, which also highlights the importance of
synchronization.

Benefits of on-demand data scheduling. We disable data scheduling in RAO (i.e.,
producers directly share LiDAR images after ground removal) and compare RAO with the
downgraded version. As shown in Figure 4.17, in all three traffic scenarios, selectively sharing
data in the occlusion region reduces the data volume of sharing by over 68.45% (up to 95.8%).
RAO can achieve high perception accuracy (Table 4.1) with such a limited amount of data
sharing, validating RAO’s accurate identification of critical areas for perception.

4.5.5 System Overhead

The latency of RAO consists of latencies from data processing, network transmission, and
perception, as discussed in §4.2.1. Figure 4.19 provides a breakdown of different latency
types.
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Table 4.3: Data sharing overhead for each provider-consumer pair per frame (mean±standard
deviation).

Metrics EMP AutoCast RAO
LiDAR Points 8320±3228 3140±2171 3110±2501

Control data (KB) <0.1 <0.1 1.77±0.50
Total Volume (KB) 24.37±9.46 9.17±6.36 10.90±7.32

Data processing involves occupancy map generation and data scheduling. The occupancy
map generation (clustering, motion estimation, etc.) is the most compute-intensive in RAO,
which takes an average of 36.3 ms. Data scheduling is lightweight and can be finished in 7.0
ms. The network transmission latency depends on the size of shared data. A comparison
of data sizes is shown in Table 4.3. For each connected pair of provider and consumer, in
each frame, RAO shares one LiDAR image containing 3110 points and one occupancy map
with 211 polygon vertices on average. Along with tiny metadata such as LiDAR sensor pose
and motion information, the total shared data size is around 10.9 KB. The size is similar
to that of AutoCast’s data (9.17 KB) and is only 44% of EMP’s (¿24 KB). Note that we
remove background points (§4.3.3) in EMP and AutoCast as well for a fair comparison. The
perception latency includes data fusion and model inference. The data fusion module simply
concatenates point clouds, which introduces a minor latency of 8.5 ms. The model inference
time depends on the specific perception model, and it is 34.5 ms in our implementation.

For each LiDAR image, the sum of computation latency and network transmission latency
(i.e., δ2 in Equation 4.1) is 80.8 ms, indicating that the asynchronization between LiDAR
images is around 80 – 180 ms. Thanks to the occupancy flow prediction, the asynchronization
issue is effectively addressed. Compared with single-vehicle perception, the only latency that
RAO introduces is the data fusion latency (8.5 ms) because each consumer starts perception
immediately upon the generation of its local LiDAR image, with other data processing and
network transmission tasks running simultaneously in the background.

RAO is scalable and works well under a large number of participating CAVs. The overall
bandwidth overhead grows linearly with the number of connected CAVs (Figure 4.18). Vehic-
ular communication based on C-V2X can provide a bandwidth of up to 100 Mbps [147, 86],
far beyond sufficient for our system. The overhead of occupancy map generation is indepen-
dent with the number of CAVs as each CAV processes its own LiDAR images locally.

4.5.6 Case study: RAO’s Real-world Benefits

In addition to the experiments on large-scale datasets, we conduct another empirical case
study using data collected at Mcity to demonstrate RAO’s superior performance in the real
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world. As shown in Figure 4.20, the ego CAV is turning right on red and should yield to
a vehicle (target) coming from the left. The ego CAV’s view toward the target, however,
is blocked by obstacles, making it necessary to rely on the other two CAVs to localize the
target.

We execute RAO, EMP, and AutoCast and find that, (1) EMP is not aware of occlusion
and its data scheduling solely depends on distances. Since the LiDAR data of the target area
should be shared by the CAV closest to it, at specific locations (red section of the trajectory),
other CAVs will not share data for the target even though the target is in the blind spot
of the ego vehicle, leading to a failed detection. (2) AutoCast can recognize the blind spot
and ask the red CAV to share LiDAR data, but it suffers from a serious synchronization
issue (§4.2.1) that makes object detection unstable in certain frames. (3) In contrast, RAO
addresses both blind spot detection and synchronization issues simultaneously, producing
well-aligned augmented point clouds.

Over the 25 examined frames (2.5 s) in which the target is in the blind spot, RAO consis-
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tently identifies the target, while EMP and AutoCast fail on 12 and 5 frames, respectively.
Notably, detected objects in AutoCast have a relatively higher deviation from the ground
truth due to the asynchronous data. In this case, RAO’s robust perception earns more time
for the ego CAV to react to the incoming traffic.

4.6 Summary

In this chapter, we design, implement, and evaluate RAO, a real-time occlusion-aware multi-
vehicle collaboration system running on asynchronous sensors. With the sophisticated in-
tegration of motion-aware occupancy map, occupancy flow prediction, and data scheduling,
RAO intelligently shares sensor data filling blind spots of other vehicles with minimized
network bandwidth consumption and accurately aligns data collected under real-world asyn-
chronous sensor settings through prediction. We believe that our approach to tackling the
synchronization issue in sensor sharing can spur a new wave of autonomous driving ap-
plications based on multi-vehicle collaboration, and ultimately accelerate their real-world
deployment.
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CHAPTER 5

SCORPION: Robust Spatial-Temporal Collaborative
Perception Model on Lossy Wireless Network

5.1 Introduction

Connected and autonomous vehicles (CAV) rely heavily on their onboard sensors to per-
ceive and navigate in complex driving environments. However, single-vehicle perception
systems often struggle with occlusions and limited sensing ranges, potentially leading to
severe consequences [229]. Collaborative Perception [101, 143, 227, 210, 198, 237, 209, 61,
154, 235] addresses the limitation of single-agent sensing by allowing multiple agents (vehi-
cles/infrastructures) to share sensor data via vehicular networks so that each vehicle gains
an extended sensing range and a better understanding of spatial semantics, particularly
in occluded areas. Recent research also highlights that incorporating temporal consistency
enhances the perception of dynamically moving objects [227, 216, 98]. Thus, robust and
accurate perception relies on comprehending both spatial and temporal information for a
complete contextual understanding.

However, it’s important to note that collaborative perception relies on networks and hard-
ware devices that are subject to real-world constraints, significantly impacting both temporal
and spatial information. Realizing collaborative perception thus requires a deep understand-
ing of these underlying systems. For instance, packet drops in Vehicle-to-Everything (V2X)
communication result in lost spatial semantics, leading to missing crucial information needed
for decoding the final perception output, while network delays can cause temporal misalign-
ment during data fusion. Similarly, hardware devices such as GPS+RTK [34] and onboard
clock devices often produce noisy measurements: localization errors in vehicle pose can lead
to spatial misalignment [189], and clock deviation [227] can introduce temporal misalign-
ment. Fig. 5.1 and 5.2 illustrate the impact of these issues, highlighting the need for AI
solutions that account for the fundamental limitations of underlying stacks.

Historically, efforts to enhance network reliability [160, 146] and vision application per-
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Figure 5.1: Motivating examples of various degrees of spatial and temporal misalignments.
Spatial misalignments occur due to sensing errors (⋆) or dropped network packets, while
temporal misalignments arise from sensor asynchronization (⋆) and network delays. For
simplicity and clarity, we focus on the cases marked with (⋆) in this figure. This scenario
is generated using the CoBEVT [208] model on the V2XSet Dataset [209]. TN and FP
represent the True Negative and False Positive detections made by the model.

formance [120, 218] were often pursued independently, reflecting a longstanding division
between network and application-layer advancements. Previous work on collaborative per-
ception application (Table 5.1) often focus on improving perception performance by de-
signing advanced fusion mechanisms [210, 208] and strategies to reduce network bandwidth
usage [101]. All these solutions assume that the communication and perception environments
are ideal. A few recent work started to look at real-world noises such as pose noise (local-
ization noise) [209, 143, 216], synchronization noise [227], and lossy communication [126].
However, none of these approaches take a holistic view of the entire system stack, including
fundamental constraints such as packet encoding in vehicular networks or the interplay be-
tween hardware noise and network impairments. This gap significantly limits the practical
deployment and scalability of collaborative perception in real-world applications.

To bridge the gap, in this work, we present SCORPION, a robust Spatial-temporal
COllaboRative PerceptIon model on lOssy Network. SCORPION is an end-to-end approach
that embodies the nascent philosophy of AI co-design across the application and lower sys-
tem layers (including lossy network and noises of hardware devices) to directly address
and compensate for the inherent imperfections from these system layers. At the core of
SCORPION is a bird’s-eye view (BEV)-based intermediate fusion: BEV effectively captures
the spatial layout with a consistent top-down view, facilitating effective fusion from different
viewpoints; meanwhile, intermediate fusion strikes a balance between network resource de-
mands and accuracy, making it a practical approach in collaborative perception [210, 209].
Based on the BEV feature map, our three main components enhance spatial and temporal
understanding: (1) For spatial semantics, our lost BEV feature reconstruction module incor-
porates realistic network packet encoding and recovering strategies that can recover spatial
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semantics lost during wireless V2X communication; (2) for temporal consistency, temporal
alignment module align synchronization errors by leveraging historical frame information;
and (3) for the correlation between temporal features and spatial features, a deformable
spatial cross-attention module facilitates flexible mapping between ego vehicle’s historical
and neighbor’s features. By integrating these components into a single transformer [191]
architecture, SCORPION demonstrates notable improvements over state-of-the-art (SOTA)
methods on the OPV2V, V2XSet, DAIR-V2X datasets [210, 209, 219] in both standard and
challenging scenarios, achieving robust collaborative perception.

The main contributions of this work are as follows:

• Real-world networking and hardware challenges, like lossy communication and sen-
sor noise, are typically addressed within domain-specific boundaries [227, 228, 143].
SCORPION demonstrates the new potentials of transformer-based AI to tackle these
persistent issues, expanding its scope to enable co-design across the entire hardware-
network-AI software stack.

• SCORPION achieves robust collaborative perception by introducing a novel feature mask-
ing and reconstruction strategy specifically designed for vehicular networks (lost fea-
ture reconstruction), integrated with a deformable spatial cross-attention module and
a temporal alignment module, allowing simultaneous tolerance to dynamic noisy en-
vironments with lossy V2X communication, localization errors, and synchronization
errors.

• SCORPION outperforms SOTA methods in both standard and challenging scenarios,
including extreme sensing errors and congested network conditions. For example, on
the V2XSet dataset [209], SCORPION achieves 13.2%, 7.5%, and 5.9% higher accuracy
than the SOTA approaches in situations involving lossy networks, spatial misalignment,
and temporal misalignment.

5.2 Motivation

Collaborative Perception. Collaborative perception solutions can be divided into three
categories based on message-sharing strategy: (1) Early fusion, (2) Intermediate fusion, and
(3) Late fusion. Late fusion integrates decisions from independent models at the object
level [167] and tends to yield suboptimal accuracy due to the lack of cross-sensor feature
enrichment [65]. Early fusion shares raw sensor data, which is network-resource intensive.
To reduce bandwidth cost, existing methods [228, 227, 237] use partitioning, where data
from each vehicle’s nearby region is transmitted and merged to create an extended view of
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Table 5.1: Comparison of Different Works Handling system imperfections.

Work Sensing
Errors

Sensor
Asynchronization

Lossy V2X
Network Fusion

EMP [228] ✗ ✗ ✗ Early
Harbor [237] ✗ ✗ ✗ Early
Where2comm [101] ✗ ✗ ✗ Intermediate
CoBEVT [208] ✗ ✗ ✗ Intermediate
RAO [227] ✗ ✓ ✗ Early
V2X-ViT [209] ✓ ✓ ✗ Intermediate
CoAlign [143] ✓ ✗ ✗ Intermediate
LCRN [126] ✗ ✗ ✓ Intermediate
SCOPE [216] ✓ ✓ ✗ Intermediate
VIPS [178] ✗ ✓ ✗ Late
SCORPION (Ours) ✓ ✓ ✓ Intermediate

the environment.
Intermediate fusion shares encoded features, reducing the network resources needed com-

pared to raw data. For effective feature fusion, AttFuse [210] applies self-attention to analyze
features at the same spatial locations across agents. CoBEVT [208] shares Bird’s Eye View
(BEV) features to efficiently represent multi-view data and uses transformers to fuse BEV
features. Where2Comm [101] optimizes bandwidth by identifying and sharing only essential
information. Beyond accuracy and bandwidth efficiency, some works propose robust models
to improve resilience in error-prone scenarios. V2X-ViT [209] introduces an advanced at-
tention model to handle asynchronous error in V2X communication. LCRN [126] achieves
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Figure 5.2: Illustration of detection performance drop suffering from lossy V2X wireless com-
munication based on the V2XSet dataset [209]. The three baseline methods, CoBEVT [208],
V2X-ViT [209], and CoAlign [143] are trained with no network packet loss and tested at
various level of loss.
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Figure 5.3: The overall architecture of SCORPION. The framework consists of three major
components: a lost BEV feature reconstruction (L-BEV-R) module, a deformable spatial
cross-attention (DSCA) module, and a temporal alignment (TA) module.

robust vehicle-to-vehicle communication under lossy communication by employing a repair
network. CoAlign [143] addresses pose estimation errors through agent-object pose graph
modeling to ensure pose consistency across agents. While temporal and spatial misalign-
ment and lossy communication are common issues in reality, no current work addresses all
of these challenges comprehensively (see Table 5.1). This motivates us to develop a more
robust collaborative perception network for practical scenarios.
Vehicle-to-Everything (V2X) Network. Collaborative perception relies on transmitting
sensing information between agents. Technologies like DSRC [111] and C-V2X [193] are de-
signed for V2X communication. However, these wireless networks are inherently unreliable.
Communication on vehicular networks often relies on UDP [162] as the underlying transport
protocol [51, 52, 5], which can have a high loss rate under dynamic and fast-changing
vehicle topologies. Prior work on collaborative perception [209, 210, 101, 208, 143, 227, 154]
assumes that the transmission of feature map or raw data will not get lost, which is not
realistic on a real-world V2V/V2X setup [5, 52]. The only prior work explicitly addressing
lossy communication [126] oversimplifies the issue by simulating network loss with random
noise while ignoring the structured packet encoding of shared feature maps, making it
impractical for real deployment. Therefore, we argue that tolerance to practical lossy V2X
communication is a vital characteristic that collaborative perception models must address,
as incomplete shared intermediate features from lossy communication can significantly
compromise effectiveness (Fig. 5.2).
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5.3 Method

In this paper, we focus on enhancing the robustness and accuracy of collaborative perception,
emphasizing temporal and spatial understanding in the face of inherent system imperfections.
We propose a novel BEV-based intermediate fusion framework SCORPION. Our framework
consists of three key components (Fig. 5.3): Lost BEV Feature Reconstruction (L-BEV-R),
Deformable Spatial Cross-Attention (DSCA), and Temporal Alignment (TA).

5.3.1 Problem Formulation

At time t, N agents participate in a collaborative perception task, establishing a communi-
cation graph. We designate the i-th agents as the ego vehicle, with other agents within the
communication range acting as collaborators. These collaborators share perceptual infor-
mation and metadata (e.g., pose, timestamps) with the ego vehicle for collaboration. Each
agent j ∈ {1, ..., N} encodes the point clouds into Bird’s Eye View (BEV) features to extract
local visual features. Given the point cloud X

(t)
j of j-th agent at timestamp t, the extracted

feature is F
(t)
j = fenc(X(t)

j ) ∈ RC×H×W , where fenc(·) is the feature encoder shared among
all agents, and C, H, W stand for the channel, height, and width. The collaborator agents
share the processed feature maps with the ego agent for fusion and perception. In a realis-
tic setup, feature maps go through lossy V2X communication, and poses or timestamps of
agents can contain noise. We show how SCORPION handles the lost spatial features in §5.3.2,
how SCORPION addresses the misaligned spatial information in §5.3.3, and how to maintain
temporal consistency in §5.3.4.

5.3.2 Lost BEV Feature Reconstruction

Reconstructing the original signal from partial observation of images has been a challenging
task in computer vision. In the context of realistic collaborative perception, our goal is to
address the critical issue of data loss in V2X communications, a gap not effectively bridged
by current methods [209, 208, 143]. Inspired by the masked-autoencoder (MAE) [92], we
design a customized Lost-BEV-Reconstruction (L-BEV-R) network for intermediate feature
recovery from other CAVs. We treat the intermediate BEV feature map after the lossy
communication as partial images, where the locations with features that are received as
visible patches and treat the locations of the features that get lost during V2X network
transmission as masked patches that require recovering.

The framework of the L-BEV-R network is shown in Fig. 5.4, which is an encoder-decoder
architecture based on Vision Transformers [73]. We next elaborate on the details.
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Figure 5.4: SCORPION’s Lost BEV Feature Reconstruction architecture.

V2X Network Packet Encoding and Partitioning for Feature Maps. Previous
work [118] on the system and network community has proposed methods to encode raw
point cloud data into self-contained network packets. To the best of our knowledge, no prior
work has discussed how to encode and partition the intermediate feature maps into network
packets. In SCORPION, we detail the process of packing the Bird’s-Eye-View (BEV) features
into multiple self-contained network packets. In the context of intermediate-fusion collabo-
rative perception, network packet loss impacts by dropping feature map values. Assuming a
BEV feature map of size RC×H×W , the actual transmission of the feature will break the fea-
ture map into multiple network packets (Fig. 5.4(a)), where the size of each packet is limited
by Maximum Segment Size (MSS). For V2X communication, MSS is in the range of 50 bytes
to 300 bytes [30, 118]. For example, assuming a feature map of shape (C ′, H, W ) = (16, 4, 4)
where C ′ is the channel size after compression [210] and an MSS of 280 bytes (Fig 5.5), a
packet can hold information on ⌊280/((16 + 1)× 4)⌋ = 4 cells in the BEV map, where “+1”
accounts for additional metadata of feature indices.
Fundamental Similarity of Network Packet Loss and Feature Masking. As a
network packet can cover a small range of geometric locations in the BEV feature map, we
can see that packet losses are fundamentally similar to masking input images in the MAE
architecture. In this case, a packet loss during the V2X communication indicates that the
ego vehicle will lose the 4 cells in the received feature map. Based on this, our masking
strategy in the L-BEV-R module is straightforward: we place patches on the feature maps,
treat the patches that contain lost indices as masked patches, and train an encoder-decoder
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Figure 5.5: An example of an encoded feature map into a network packet.

network to recover them.
L-BEV-R Encoder. Our encoder is a variation of the ViT [73] by extending the input
space from 3-channel RGB images to C channel BEV feature maps. Similar to a standard
ViT, we divide the feature map into patches of size P × P and add positional encoding to
the patches generated from a linear projection layer. A high portion (e.g., 75%) of random
patches will be masked during the training and the encoder operates on the visible patches
through a series of Transformer blocks.
L-BEV-R Decoder. The input to the decoder is the full set of patch-tokens consisting
of both encoded feature patches and masked patches representing the features that are
lost during V2X communication. The decoder has another series of Transformer blocks to
reconstruct a feature map of (C, H, W ). The reconstruction target is the pixel value of the
patch and is linearly projected to the original feature map channel C. During the training of
the L-BEV-R model, we use the processed BEV feature maps generated from the backbone
network [210] as the ground truth and use the mean squared error (MSE) as the loss function
and compute the loss only on masked patches. Later, we fixed the parameters of the trained
L-BEV-R model in the training of the entire end-to-end collaborative perception model.
During testing and inference, the L-BEV-R module processes the partial BEV feature from
collaborators by reconstructing the original feature map before fusing them with the ego
feature.

5.3.3 Deformable Spatial Cross-Attention

After reconstructing the partial feature map shared by collaborators, we proceed to fuse
the multi-agent feature to enhance the perception capability over single-agent perception.
Existing works [209, 210] propose to use attention-based mechanisms to fuse multi-agent fea-
ture maps and achieve SOTA performance in ideal environments. However, the assumption
that feature interaction only happens at the same spatial location (i.e., the same indices in
the feature map in the ego agent’s coordinate system) makes these methods vulnerable to
localization and synchronization errors, as these errors may create misalignment of percep-
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Figure 5.6: The architecture of the proposed deformable spatial cross-attention (DSCA)
module.

tual critical areas. To mitigate such effects, we draw inspiration from [239] and implement
a simple yet effective Deformable Spatial Cross-Attention (DSCA) component. The DSCA
module consists of deformable attention along with a max fusion aggregation of multi-agent
features (Fig. 5.6). Different from prior work [216] that employs deformable attention lo-
cally on only high confidence regions, DSCA in SCORPION models the interaction of features
globally from the entire feature map that contains localization and synchronization error and
applies a max-pooling layer to aggregate most salient features, resulting in better perception
performance at higher noise levels (see Sec. 5.4.2).
Deformable Spatial Cross-Attention Module. As depicted in Fig. 5.6, we treat the ego
feature F

(t)
i as the query feature Q and obtain a default reference point sets (same as the

naive attention in [209]). To resolve the misalignment of BEV feature maps, the DSCA per-
forms multi-head cross-attention on a set of sampled offset points. The deformable concept
helps in utilizing and learning the spatially spread-out features caused by aforementioned
misalignments. For each reference query point q (i.e., each cell in the BEV feature grid), we
select X points based on a learned offset and extract their features as the attending features.
A linear layer is used to learn the 2D spatial offset ∆q of the reference point q for sampling
positional offset at q + ∆q. The output at each query 2D position from ego feature F

(t)
i to

a collaborator feature F
(t)
j is shown in Equation 5.1.

DSCA(q)i,j =
A∑

a=1
Wa

[
X∑

x=1
ϕ(WbF

(t)
i (q))F (t)

j (q + ∆qx)
]

(5.1)

where A is the total number of attention heads and a indexes the attention head, Wa/b are
learnable weights for each ego-collaborator pair, and ϕ(·) is the softmax function.
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Max Fusion. For each pair of the ego BEV feature and a collaborator BEV feature,
we generate a deformed cross-attention map at each spatial location q. To aggregate the
attention features, we further apply a max-fusion at each query point to extract the most
salient feature. The final output from the DSCA module at each query position is

DSCA(q) = max(DSCA(q)i,1, DSCA(q)i,2, ..., DSCA(q)i,N) (5.2)

5.3.4 Temporal Alignment
Integrating historical observations has the potential to enhance the temporal consistency of
collaborative perception. To capitalize on this potential, we treat past BEV feature maps
as additional input sources. These historical features are aligned to the current timestamp
using the ego vehicle’s motion data. This alignment allows us to perform deformable cross-
attention alongside the reconstructed feature maps from other agents, effectively leveraging
both past and present data to minimize errors and improve the robustness of the perception
system.
Historical Feature Alignment. Given the BEV queries Q at current timestamp t and a
history BEV feature F

(t−1)
i observed at time t− 1, we first align the historical feature to the

current timestamp using ego-agent motion with GPS+IMU pose to make the features at the
same BEV grid correspond to the same real-world location. Note that such alignment using
ego-motion handles the shifts of static environments but not dynamic objects in the scene.
Inspired by [131], we model the temporal correlation between features by using a deformable
temporal self-attention (DSA) layer, as follows:

DSA(qp, {F (t)
i , F

(t−1)
i }) =

∑
V ∈{F (t)

i ,F
(t−1)
i }

DeformAttn(qp, V ) (5.3)

where qp denotes the BEV query located at p = (x, y) and DeformAttn is the same deformable
attention module in the DSCA module. In our implementation, we merge the DSA layer with
the DSCA by stacking F

(t−1)
i with F

(t)
j , j ∈ {1, ..., N} as they are conceptually same but with

different parameter and meaning (i.e., cross-agent attention vs. temporal self-attention).
The fused feature map is then obtained from the max fusion of DSCA output F

(t)
i fused ∈

RC×H×W and goes through a series of standard transformer layers including LayerNorm [191]
and MLP [84].
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5.3.5 Detection Head
We leverage both the regression decoder and classification decoder to decode the final fused
feature map F

(t)
i fused into the predicted outputs. The regression and classification decoders

are MLP layers. The regression output is R7×H×W , where the first dimension 7 represents
the position (x, y, z), size (h, w, l), and yaw angle θ of the predicted bounding boxes at each
location. The classification output is the confidence level of each predefined box to be a
target vehicle or background. Following existing work [120], we adopt the smooth L1 loss
for regressing the bounding boxes and a focal loss [170] for classification.

5.4 Experiments

5.4.1 Datasets and Evaluation Metrics
Datasets. We validate our proposed method SCORPION with LiDAR-based 3D object de-
tection on three datasets: two simulation datasets V2XSet [209], OPV2V [210] and a
real-world vehicle-to-infrastructure dataset DAIR-V2X [219].
Implementation Details. We build SCORPION based on the Pytorch [161] and OpenCOOD
framework [33] and train the models on NVIDIA A100 GPUs [31]. Pointpillar [120] is used as
the backbone feature encoder with 0.4m × 0.4m voxel size. We train our L-BEV-R network
following the standard MAE network training [92] for 100 epochs and freeze the parameters
in the end-to-end model training.
Evaluation Metrics. Following existing work [209, 210], we adopt the Average Precision
(AP) at Intersection-over-Union (IoU) thresholds of 0.5 and 0.7 for evaluation.
Benchmark Comparison. We compare with seven state-of-the-art (SOTA) intermediate
fusion models: V2VNet [198], F-Cooper [61], AttFuse [210], CoBEVT [208], V2X-ViT [209],
CoAlign [143] and SCOPE [216]. In addition, we also compare our approach with single-
agent perception (i.e., No Fusion).

5.4.2 Quantitative Results
We compare the performance of 3D object detection with other methods (Table 5.2). Our
proposed approach SCORPION achieves the highest perception performance compared to
the baseline methods on all datasets. It achieves average improvements of 22.6%/25.2%,
23.8%/28.7%, and 11.6%/9.4% on three datasets in AP@0.5/0.7 compared with ‘No Fusion’,
showing the benefits of collaborative perception. Compared to prior SOTA collaborative
perception methods, our method improves AP@0.7 by over 2.4% on the V2XSet dataset,
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Table 5.2: Performance comparison on the V2XSet, OPV2V, and DAIR-V2X datasets in
perfect environments.

Model
V2XSet OPV2V DAIR-V2X

AP0.5 AP0.7 AP0.5 AP0.7 AP0.5 AP0.7
No Fusion 65.73 52.57 69.38 56.40 63.04 47.39

V2VNet [198] 87.82 74.28 86.76 73.38 65.09 48.18
F-Cooper [61] 82.82 69.38 89.22 79.66 70.54 52.21
AttFuse [210] 81.70 66.24 88.54 72.91 68.02 48.40

CoBEVT [208] 81.00 65.06 88.99 72.80 67.61 55.51
V2X-ViT [209] 82.32 71.21 86.74 75.70 70.87 54.35
CoAlign [143] 86.90 75.31 91.60 82.30 74.02 56.81
SCOPE [216] 87.55 75.67 89.60 80.71 74.15 56.52

SCORPION 88.32 77.78 93.10 85.10 74.65 56.76

Table 5.3: Performance comparison under combined network loss, localization and synchro-
nization noise.

V2XSet OPV2V DAIR-V2X
Case Loss Rate SCORPION SCOPE CoAlign V2X-ViT SCORPION SCOPE CoAlign V2X-ViT SCORPION SCOPE CoAlign V2X-ViT
UF 26% 84.0/61.2 78.7/57.3 68.4/39.0 72.9/52.7 88.6/76.4 84.6/70.5 74.9/59.0 80.5/63.1 72.5/54.3 70.7/52.8 70.3/53.8 68.6/53.3
RF 20% 84.2/61.9 78.3/57.5 68.7/38.6 74.3/53.2 88.9/77.1 84.8/70.5 76.0/60.0 80.9/63.0 72.9/54.5 70.9/53.2 70.1/54.1 69.6/53.7
RR 32% 82.0/61.0 77.3/57.0 68.6/38.5 71.3/52.1 88.4/75.9 84.5/70.3 73.2/57.6 80.1/62.8 72.1/54.3 69.9/53.0 70.5/53.2 68.5/53.3
SR 15% 85.2/63.1 78.6/56.5 67.7/38.9 75.5/53.6 89.3/77.7 84.9/70.8 77.2/61.0 81.0/63.9 73.2/55.2 71.5/54.8 70.1/55.1 69.0/53.5
OF 12% 84.8/64.9 78.8/56.6 67.4/39.1 76.0/53.7 89.6/78.0 85.1/70.9 78.0/61.5 81.1/63.9 73.5/55.5 71.8/54.2 71.1/55.0 69.2/53.5

2.8% on the OPV2V dataset and achieves comparable performance with the best method on
DAIR-V2X dataset.
Performance with Network Loss, Localization and Synchronization Noise To-
gether. Using data from V2X network measurement [52], GPS errors [180], we evaluate
SCORPION under the coexistence of packet loss, localization, and synchronization error. We
summarized 5 diverse road settings with a variety of loss rate (12% - 32%): (1) Urban Free-
way (UF), (2) Rural Freeway (RF), (3) Rural Road (RR), (4) Suburban Road (SR), (5) Open
Field (OF). The network packet loss is simulated by randomly masking out the shared feature
maps. We simluate localization error by adding Gaussian noise with a standard deviation of
0.6 m for urban areas and 0.4 m for rural areas and open fields following statistics from [180].
For synchronization latency, we set it to 100ms following existing work [209, 166]. We se-
lect the top 3 performing baseline methods from the perfect environment setup, V2X-ViT,
CoAlign and SCOPE for comparison in later experiments. Note that the selected baselines
have partial designs on handling the system noises (Table 5.1).

From the results in Table 5.3, we note that SCORPION outperforms existing baselines by
over 4%, 2%, and 5% for V2XSet, OPV2V, and DAIR-V2X dataset in absolute AP when
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Figure 5.7: Performance comparison across models under various network
loss/localization/synchronization errors.

imperfect feature transmission, localization noises, and synchronization errors
exist together. These improvements stem from our holistic design, which effectively han-
dles feature loss (via L-BEV-R) and aligns misaligned features caused by localization and
synchronization errors (via DSCA and TA).

5.4.3 Robustness to Individual Noise Factor

In this section, we evaluate the robustness of SCORPION by analyzing its performance under
different levels of individual noise factor: network loss, localization errors, and synchroniza-
tion errors.
Results under Various Network Loss Rates. Fig. 5.7 reveals that our proposed method
SCORPION shows superior performance under all levels of network loss rates. An increase in
the network loss rates leads to a rapid and sharp decrease in the perception performance
for baseline methods, as perceptual information gets lost in the shared feature maps. For
instance, with 40% network loss, SOTA methods like V2X-ViT and CoAlign see reductions
in AP@0.5 of more than 20% for V2XSet and OPV2V, and over 5% in DAIR-V2X, compared
to ideal communication conditions. Our method consistently outperforms previous SOTA
models in all levels of network losses, clearly demonstrating the robustness of SCORPION to
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network loss. Note that for higher network loss, our method maintains higher improvements
in accuracy thanks to the L-BEV-R module. When the network loss rate gets as high as
80%, our method outperforms the second-best approach by 5.1%, 7.5% and 3.1% on V2XSet,
OPV2V, and DAIR-V2X dataset.
Results under Various Localization Errors. To demonstrate the robustness under lo-
calization error, we vary the localization noise from 0 to 1.6 m to the agents’ poses in the
datasets (2× higher than pervious work [216, 209, 143]). As depicted in Fig. 5.7, our robust
perception design surpasses state-of-the-art methods that are pose-error aware, enhancing
average perception performance by 6.8%, 1.3%, and 1.0% across the datasets, respectively.
Comparing to SCOPE [216], a SOTA baseline that also tackles spatial and temporal misalign-
ments, SCORPION shows 5.5% to 16.9% performance under higher noise conditions because
of the DSCA models global feature interaction more precisely. Unlike CoAlign [143], which
relies on prior training of an uncertainty estimator for bounding boxes, our end-to-end model
with the DSCA approach offers a simple yet effective solution for addressing localization er-
rors, thanks to the deformable attention interaction with offset locations in the misaligned
feature maps.
Results under Various Synchronization Errors. The third row of Fig. 5.7 illustrates
the perception performance under different levels of synchronization errors. Compared to
methods like V2X-ViT which have designs to handle asynchronous time delay, our approach
can still improve the perception accuracy by 1.1% to 11.6% across datasets. SCORPION
consistently outperform the baseline approaches from 200 ms to 400 ms of asynchronous data.
Compared to methods (e.g., CoBEVT, AttFuse) that do not take asynchrony into account,
our method improves AP@0.5 by an average of 11.6%, 11.1%, and 7.4%. The performance
boost is due to two key factors: (1) TA module aligns historical feature information to
the current ego timestamp, mitigating the impact of asynchronous feature interaction from
other agents and allowing feature interaction to focus on perceptually important areas from
ego space; (2) DSCA module facilitates perceptually critical information interaction across
agents under both spatial-temporal domains, making the perception results more robust.

5.4.4 Ablation Study
Contribution of Major Components. To evaluate the effectiveness of our proposed
component, we progressively remove the three key elements in our framework. Table 5.4
details the contribution of each component. The consistent drop in detection accuracy
demonstrates the effectiveness of each component: L-BEV-R, DSCA, and TA. By adding
DSCA, AP@0.7 is improved by 2% compared to using naive attention mechanism [209].
By further incorporating past ego-agent features and performing temporal alignment, we
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Figure 5.8: Qualitative comparison results on the V2XSet dataset under localization error,
synchronization error, and network loss altogether. The green and red boxes are
ground truth and prediction outputs, respectively.

Table 5.4: Feature comparison and performance metrics on V2XSet. For baseline w/o DSCA,
we use attention fusion from [209].

DSCA TA L-BEV-R Lossy Network AP0.5 / AP0.7
✓ ✓ N 88.32 77.78
✓ N 86.59 75.48

N 86.09 73.52
✓ ✓ ✓ Y 86.01 70.83
✓ ✓ Y 83.82 69.83
✓ Y 81.79 69.51

Y 79.80 64.94

further improve AP@0.7 by another 2.5%, indicating the effectiveness of both the DSCA
and TA modules. Furthermore, incorporating the L-BEV-R module enhances SCORPION’s
robustness under lossy communication conditions [52], improving AP@0.5 by 2.2% compared
to baselines that do not include feature reconstruction capabilities.
Impact of Offset Point Count in DSCA. We adjust the deformable offset points from
2 to 16 in DSCA (Tabel 5.5). Noticeably, DSCA with 4 points achieves better detection
performance on all three datasets. This result shows that SCORPION effectively extracts
essential spatial semantics by setting a reasonable offset point number.
Effect of Historical Ego Frame Count. As shown in Table 5.5, we evaluate the impact
of incorporating different numbers of historical information from the ego agent. The finding
is that using 1 historical frame is already beneficial in achieving good performance gains over
all datasets.
Visualization of Detection Results. To illustrate the perception capability of differ-
ent models, we provide a detection visualization comparison (Fig. 6.12) under 1.3 m of
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Table 5.5: Ablation study results of SCORPION (AP@0.5/0.7).
Dataset OPV2V V2XSet DAIR-V2X

Effect of offset point numbers in DSCA
2 89.25/78.82 91.25/77.30 71.94/53.42
4 (Default) 88.32/77.78 93.10/85.10 74.65/56.76
8 87.68/75.29 92.33/81.12 70.91/50.00
16 88.30/75.61 91.78/82.26 70.33/51.29

Effect of historical ego frame counts in TA
1 (Default) 88.32/77.78 93.10/85.10 74.65/56.76
2 87.98/77.98 92.76/84.54 73.24/54.72
3 88.30/77.43 92.33/84.27 71.96/54.36

Table 5.6: Table on inference speed of SCORPION on V2XSet [209] dataset. The latency
is measured on an A100 GPU and shown with mean and standard deviation in ms. The
definition of lossy network is the same as Table 3 in the main text.

DSCA TA L-BEV-R Lossy Network Latency (ms)

✓ ✓ ✓ Y 92.45± 6.13
✓ ✓ N 78.72± 3.83
✓ N 64.28± 3.54

N 58.72± 3.64

localization error, 100 ms of asynchrony latency, and 35% of network loss based on the
existing measurement work on GPS [180] and V2X network loss [52]. We also provide a
video demonstration of SCORPION at https://www.youtube.com/watch?v=6zCAlhH7pGw.
Baseline methods like SCOPE, V2X-ViT, and CoAlign fail to accurately detect moving ob-
jects because of the presence of three types of errors. Our proposed SCORPION handles the
network packet loss through feature reconstruction and exploits the spatial and temporal
misalignments through the DSCA and TA module, thus improving the detection accuracy.
Visualization of feature reconstruction from L-BEV-R. We visualize the recon-
structed BEV feature map from the L-BEV-R component and compare it with the original
feature map generated at the collaborator agent in Figure 5.9 to Figure 5.11. As shown, our
lost BEV reconstruction module effectively recovers missing spatial feature information from
lossy V2X communication, making it close to the original BEV feature generated at the col-
laborator side. Therefore, with better spatial semantic information, collaborative perception
empowered by SCORPION achieves better and more robust perception performance.
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Original BEV at Collaborator Side

BEV after Lossy V2X Communication (75% loss)

Scene 1

Reconstructed BEV at Ego-agent Side

Figure 5.9: Visualization of BEV feature reconstructed at the ego-agent side on an entrance
ramp.

Original BEV at Collaborator SideScene 2

BEV after Lossy V2X Communication (75% loss) Reconstructed BEV at Ego-agent Side

Figure 5.10: Visualization of BEV feature reconstructed at the ego-agent side on a curvy
road.

Original BEV at Collaborator SideScene 3

BEV after Lossy V2X Communication (75% loss) Reconstructed BEV at Ego-agent Side

Figure 5.11: Visualization of BEV feature reconstructed at the ego-agent side on a T-
intersection.
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Table 5.7: Table on GPU memory usage during inference for SCORPION on V2XSet [209]
dataset. The average memory usage is shown in MB.

DSCA TA L-BEV-R Lossy Network Memory (MB)

✓ ✓ ✓ Y 4680
✓ ✓ N 2797
✓ N 2338

N 2250

5.4.5 System Overhead Analysis

Inference time analysis. To investigate the real-time performance of SCORPION, we mea-
sure the inference time of SCORPION on a NVIDIA A100 GPU [31]. As shown in Table 5.6,
the mean inference time for SCORPION is 78.7 ms per frame, satisfying the 100 ms end-to-end
latency for autonomous driving [135] under ideal V2X communication scenarios. Further-
more, even if enabling the L-BEV-R module with a lossy network environment, SCORPION
achieves an inference latency of 92.5 ms, and still supports real-time inference. Progesstively
removing each design component can further save the inference time, supporting higher FPS
for real-time operations by sacrificing some detection accuracy as depicted in Table 3 from
the main paper.
GPU memory usage. In addition to inference latency, we profile the GPU memory usage
of SCORPION with various configurations. As shown in Table 5.7, our model SCORPION with 3
modules activated takes only around 4.5 GB in GPU memory, making it lightweight enough
to fit in most GPU devices.

5.5 Summary

This chapter presents SCORPION, which expands AI’s role in co-designing the hardware-
network-AI software stack by addressing persistent issues like lossy communication and
sensor noise in networking and hardware. SCORPION demonstrates improved accuracy and
robustness across extensive experiments, including normal and challenging scenarios that
expose typical system issues. Future work will extend SCORPION to more complex percep-
tion scenarios and incorporate additional sensor modalities, such as monocular and stereo
cameras.
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CHAPTER 6

GraphMap: Scalable Crowd-Sourced Global Vectorized HD
Map Construction via Sparse Visual Graph Fusion

6.1 Introduction

High-definition (HD) maps [41, 38, 70] play a critical role in autonomous driving by providing
rich geometric and semantic information, such as lane dividers, boundaries, and pedestrian
crossings. Among various formats [37, 36, 208, 97, 58, 127, 141, 107], vectorized HD maps [37,
36], which represent map elements as structured primitives such as polylines and polygons,
are becoming the new technical trend of mapping solutions [145, 134, 133] for connected
and autonomous vehicles (CAVs). Conventional HD map construction pipelines [173, 174]
often rely on collecting dense LiDAR point clouds and require significant human annotation,
limiting scalability and update frequency. Recent advances in online HD mapping [133, 134,
221] use deep learning models to generate local HD maps around the ego-vehicle in real
time from onboard sensors, significantly reducing the need for offline human intervention.
However, individual vehicles suffer from limited sensing range [221], occlusions [208], and
incomplete coverage [101], making it difficult to build reliable global maps independently.
This motivates a shift toward crowdsourced global vectorized HD map construction,
where a fleet of vehicles (agents) contributes local observations [70] to collaboratively build
a unified global map [176, 139, 182, 106, 60].

Previous efforts in online HD mapping and collaborative perception have primarily relied
on dense feature fusion, where sensor data (e.g., Cameras and LiDARs) are encoded
and projected into a shared bird’s-eye-view (BEV) representation [209, 61, 227, 143, 208].
These methods aim to align perspective differences among agents and sensors by aggregating
features on fixed-size BEV tensors. However, dense fusion methods suffer from several key
limitations: First, they are inherently ego-centric, bounded by local fields of view and fixed
perception ranges (e.g., 60 × 30 m), making them poorly suited for constructing global maps;
Second, they are sensitive to spatial and temporal misalignment [143, 227], struggling to
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robustly fuse spatially misaligned and partially overlapped observations from different agents;
Third, increasing the size of dense BEV tensor can incur significant computational [132]
and communication overhead [210] due to the high-dimensional, redundant nature of dense
feature maps; Fourth, detecting map updates using dense fusion methods [202] requires
significant effort in model architecture change and training, making it less scalable. These
limitations highlight the need for a more scalable, efficient, and robust approach to global
vectorized HD map construction, particularly in large-scale and dynamically changing road
environments. To meet these goals, a new approach must: (1) incorporate multi-agent
observations and handle spatial-temporal misalignment over extended space and time in a
sparse manner; (2) operate efficiently under limited network and computation resources;
and (3) provide a lightweight solution to maintain and update the global map upon road
reconfiguration.

To address the key challenges of scalable global HD map construction, we propose
GraphMap, a novel framework that shifts from dense, ego-centric fusion to a graph-based
sparse fusion paradigm for collaborative, vectorized global HD map construction. GraphMap
operates in a two-tier interactive architecture consisting of vehicle-side sensing and cloud-side
aggregation and scheduling, with the following key features:

Scalable multi-agent sparse fusion across space and time. To enable scalable
fusion across spatially misaligned, partially overlapping observations, GraphMap adopts a
graph-based representation of local HD maps. Each agent creates a compact map graph
from onboard sensor data using online HD map generators. These graphs consist of se-
mantic and geometric attributes (e.g., type, shape, orientation) of map elements and are
lightweight for transmission. On the cloud, we introduce the MapGlue algorithm, which in-
crementally aligns and merges local maps through Type-Aware Structure-Preserving Graph
Matching. By modeling intra-region graph structure and solving the NP-hard maximum
subgraph matching problem [78] with an efficient greedy approximation, MapGlue robustly
handles spatial variation and partial overlaps while preserving topological consistency in map
alignment. For map growth beyond local regions, MapGlue performs inter-region graph reg-
istration, expanding coverage with new elements and merging consistent observations across
space and time.

Communication and computation-efficient map contribution. Rather than up-
loading every local observation, agents and cloud in GraphMap jointly make data contribution
decisions via a selective map sensing policy. This policy evaluates the sensing value (SV) of
individual local maps by considering three key factors: (1) the trade-off between exploring
new areas and reinforcing known regions of the global map, (2) the redundancy of spatially
or temporally proximate observations from the same agent, and (3) the differential contri-

86



bution of heterogeneous agents such as fixed infrastructure and moving vehicles. Solved
with an ϵ-greedy Multi-Armed Bandit (MAB) algorithm, this vehicle-cloud feedback loop
optimizes that only informative and non-redundant data are transmitted, reducing network
and computation overhead while maintaining global map quality.

Lightweight and continual map update detection. To support evolving environ-
ments and long-term deployments, GraphMap incorporates an HD-Continuous Change Detec-
tion and Classification (HD-CCDC) module. By probabilistically validating incoming agent
graphs against the stale global map states, HD-CCDC detects changes like road reconfigu-
rations, including element additions and removals, and updates the global map accordingly.
The probabilistic approach accumulates evidence across multiple asynchronous observations
rather than relying on single detection, making it robust to transient occlusions, sensor noise,
and occasional detection errors from individual agents. This enables GraphMap to serve not
just as a fusion engine, but also as a live HD map infrastructure, adaptable to real-world
dynamics and suitable for future applications such as real-time cloud-assisted mapping [95].

Combining all the merits above, the resulting system is an end-to-end global map con-
struction framework to build large vectorized maps through crowd-sourcing with multiple
agents while maintaining precision and resource efficiency.

In summary, the main contributions of this work are:
• We propose GraphMap, a scalable, graph-based framework for crowdsourced global HD
map construction. It achieves robust global stitching and consolidation of map data from
heterogeneous agents by demonstrating tolerance to spatial and temporal misalignments.
Our intelligent collaborative map construction method, based on sparse graph fusion and
selective sensing, enhances accuracy, optimizes wireless network bandwidth usage and com-
putation overhead, improves robustness in dynamic environments, and ultimately enabling
a more scalable solution for real-world deployment.
• We introduce the MapGlue algorithm, the core of GraphMap’s fusion and maintenance
capabilities. It features a novel Type-Aware Structure-Preserving Graph Matching for ef-
ficiently fusing sparse map graphs. MapGlue not only robustly matches and merges map
elements but also underpins a fully integrated pipeline for dynamic map upkeep. This allows
GraphMap to build global maps from scratch and continuously detect changes or updates
(with HD-CCDC), ensuring an up-to-date map representation.
• We introduce a Sensing Value (SV)-Guided Selective Map Sensing mechanism to address
real-world bandwidth and compute constraints for global map construction. This strategy
evaluates the sensing value of individual local maps based on their potential to improve the
global map while maintaining map consistency. By prioritizing high-value data under limited
resources, it enables scalable, efficient, and accurate global mapping.
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• Our extensive evaluations demonstrate the scalability, effectiveness, and resilience of
GraphMap across real-world multi-agent datasets [219, 233] and large-scale simulation town-
level scenarios [210] with 30-60 agents. Compared to state-of-the-art methods, GraphMap
achieves 37.2 mAP improvement in mapping accuracy while reducing computational over-
head by >3× and bandwidth usage by 32%. Furthermore, our change detection module
successfully identifies map updates with an F1-score improvement of 52.9%.

6.2 Background and Motivation

Online local HD map construction methods. Existing local HD map models, such as
HDMapNet [127], VectorMapNet [141], and MapTR [133], are limited by small perception
ranges (e.g., 60x30m), with even extensions like StreamMapNet [221] (100x50m) or longer-
range efforts like ScalableMap [220] remaining focused on the ego vehicle’s immediate vicinity
rather than true global coverage. Despite these advancements in local HD map construc-
tion, these methods still focus on a relatively small area compared to the requirements for
constructing a global HD map. Building an end-to-end global HD map construction frame-
work faces two main challenges: (1) Single-frame or short-sequence data from one vehicle
is insufficient for building large regions due to the limited view and occlusions; (2) Scaling
transformer-based BEV to global regions is computationally infeasible due to the quadratic
complexity. Consequently, global HD map construction necessitates architectural shifts and
multi-agent collaboration. GraphMap addresses this by enabling collaborative, large-scale
HD map creation through sparse graph fusion across diverse road agents and time, thereby
overcoming the limitations of ego-centric local detectors.
Limitation of existing global HD map construction methods. Prior work [172, 215,
176, 59] on global HD map construction primarily employs two fusion strategies: (1) element-
fusion: Methods like PolyMerge [172] and VMA [63] merge vectorized map instances (e.g.,
polylines) from a single agent with multiple local frames using rule-based heuristics like
proximity thresholds. Rule-based coarse-grained merging, however, overlooks finer features
across agents or time, often degrading map quality. (2) temporal intermediate-fusion: Recent
methods [215, 221, 59] incorporate temporal priors to aggregate historical map information
from a single vehicle. While accumulating sequential data over time enables global map con-
struction, this approach is restricted to single-agent settings, failing to leverage crowdsourced
multi-vehicle data due to significant spatial misalignments [227] from differing viewpoints.
In contrast, GraphMap employs fine-grained, type-aware fusion across both time and agents,
facilitating robust global mapping despite real-world sensing and communication noise.
Prior map-informed map updates detection. Accurate and updated HD maps are vital
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Figure 6.1: System Architecture of GraphMap. Local HD map graphs generated by road
agents are selectively uploaded to the cloud based on their sensing value. The cloud incre-
mentally fuses these graphs with MapGlue, keeps track of historical map observations, and
performs map updates via HD-CCDC.

for safe autonomous navigation, requiring efficient update and change detection mechanisms.
Much research leverages existing (or outdated) HD maps as priors to guide this process rather
than creating maps anew or detecting changes in isolation. For instance, ExelMap [202] and
MapEX [183] integrate current BEV features with historical map data to detect per-lane
changes. LDMapNet-U [206] provides a city-scale system that treats lane-level updating as
a generation process grounded in historical map data and current BEV images, proven in
industrial-scale frequent updates. TbV [119] uses filtering methods to evaluate discrepan-
cies between onboard sensor detections and the prior map, identifying changes in dynamic
areas like construction zones. Such methods highlight the existing map’s value as a strong
baseline for efficiently identifying and localizing real-world changes. Learning from these
ideas, GraphMap integrates a change detection module. This module cross-validates incom-
ing multi-agent graphs with the current global map in a probabilistic manner to identify
updates, enabling both the creation and maintenance of up-to-date maps.

6.3 Design of GraphMap

6.3.1 System Architecture

GraphMap (Fig. 6.1) is structured around two tightly integrated operational planes: the data
plane and the control plane. The data plane governs the transmission of vectorized local
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HD maps and sparsely fuses them into a global vectorized map. In parallel, the control
plane orchestrates agent-level frame uploading decisions and global map maintenance based
on real-time feedback.

Data Plane Operations. The data plane manages the generation, transmission, and
fusion of vectorized HD map data across agents and the cloud. Each road agent, e.g., a
vehicle (Vehicle i, j) or an intelligent infrastructure unit (Infra k), perceives its environment
using onboard sensors such as cameras or LiDARs. These sensor streams are processed by an
online local HD map model (e.g., MapTR [133]) to generate vectorized HD map segments
of the immediate surroundings. Road agents then selectively upload these compact local
map observations to the cloud, along with their current GPS location and IMU pose. Upon
receipt, the cloud-side MapGlue module (§6.3.2) transforms the local map observations
into global coordinates and encodes them into a sparse HD graph. It then performs graph-
based sparse fusion of these graphs in two stages: Intra-region Refinement, which consolidates
overlapping or closely spaced maps of the same region, and Inter-region Fusion, which stitches
distinct geographical map segments into a global map to expand the map’s coverage and
ensure overall consistency. This results in a progressively expanding, vectorized Global HD
Map G that reflects aggregated observations across space and time.

Control Plane Operations. The control plane of GraphMap manages scheduling, adap-
tation of data uploading from agents, and long-term map maintenance. From the road agent
side, the Selective Map Sensing module (§6.3.3) determines whether to upload a local
map observation via uploading a compact Vectorized Graph Map Query to the cloud. This
decision is made using a sensing value policy, which is jointly decided based on the global
map feedback and road agents’ local characteristics and resources. Instead of continuous
data streaming, selective map sensing aims to identify and prioritize the most valuable infor-
mation for the global map, thereby optimizing network bandwidth and onboard computa-
tional resources. At the cloud level, the HD-CCDC module (§6.3.4) performs continuous
change detection and map updating. By comparing a list of new agent observations against
historical global map states, it identifies road reconfigurations, adds or removes elements,
and ensures that the global map remains temporally consistent. These updates also help
refine future sensing priorities and can be beneficial for future vehicle-cloud applications like
real-time cloud-assisted mapping [95].
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Figure 6.2: Importance of Type-Aware Structure-Preserving Graph Matching: Lane dividers
(Category 1) often exhibit larger positional offsets, whereas pedestrian crossings (Category
2) typically appear in consistent locations but vary in shape. Circles in the local observation
represent the visual graph node encoding of HD map elements. Hungarian matching [116],
a standard distance-based matching algorithm without type and structure-awareness, fails
on both cases.

6.3.2 MapGlue: Type-Aware Structure-Preserving Graph Match-
ing

At the heart of GraphMap cloud-side fusion pipeline is MapGlue, a Type-Aware Structure-
Preserving Graph Matching algorithm designed for robust and scalable vectorized HD map
fusion. MapGlue consolidates sparse vectorized map observations from heterogeneous agents,
incrementally merging overlapping segments across time and space—even when observations
are noisy, spatially misaligned, or temporally disordered.

Previous works on collaborative perception [143, 178, 156] have applied graph-based align-
ment for multi-agent object detection by matching co-visible objects (e.g., vehicles, pedestri-
ans) across agents. These methods rely on a strong locality assumption: the same object will
appear at similar positions with similar sizes in different agents’ views, making proximity-
based graph matching effective. However, this assumption does not hold in the context of
global vectorized HD mapping. Based on our analysis, we find two key observations re-
garding the characteristics of local map elements perceived by diverse agents. The design
of MapGlue is informed by key observations regarding two distinct categories of behaviors
exhibited by map elements when perceived by agents across varied spatial and temporal
contexts.
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Category ❶: Shape-Preserving with Spatial Offsets
Many map elements, when partially observed by different agents at different times,
tend to preserve their intrinsic geometric structure (e.g., lane dividers, and road
boundaries). However, these elements can exhibit significant spatial offsets in their
reported absolute positions due to partial occlusions, limited sensing range, or local-
ization drifts.

Category ❷: Location-Preserving with Shape Variations
Conversely, other types of map elements typically maintain a relatively consistent
location or centroid across multiple observations. However, their perceived geometric
structure—such as shape, extent, or completeness—can differ substantially. These
variations often arise from differing sensor view angles, the granularity of the detection
algorithm, or partial views of the element. Pedestrian crossings and junctions
exemplify this behavior.

These contrasting behaviors, visually exemplified for lane dividers and pedestrian cross-
ings in Fig. 6.2, highlight a critical challenge. Consequently, traditional graph matching
approaches that rely on uniform proximity thresholds or fixed structural constraints for all
element types are insufficient for reliable and accurate multi-agent HD map fusion. This
necessitates the type-aware approach adopted by MapGlue, which adapts its matching and
fusion strategies based on the behavioral category of the map elements involved.

Based on these observations, we design MapGlue, a matching strategy that is explicitly
type-aware, adapting its criteria based on the semantic class of the map elements being
fused. The core idea of MapGlue is to (1) allow Category 1 elements (e.g., lane dividers)
to be matched with location shifts but preserve their structure; (2) limit the location shifts
of Category 2 elements (e.g., pedestrian crossings) and change their geometric shapes.

MapGlue begins by encoding local HD map observations as sparse semantic graphs. Each
graph G = (V , E) comprises a set of nodes V and edges E derived from vectorized map el-
ements detected by an individual agent or a state of the map from the cloud. Each node
v ∈ V represents a map element (e.g., a segment of a lane divider) and stores attributes
including its center, orientation, detailed geometry (polyline/polygon coordinates), and se-
mantic label (type). Edges e ∈ E capture geometric relationships between nodes. These
may include spatial proximity or structural relationships, commonly quantified using the
Chamfer distance [127].

The Type-Aware Structure-Preserving Graph Matching algorithm for map fusion then
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proceeds as follows. Upon receiving a new map observation, the cloud constructs two
graphs: GL = (VL, EL): the local graph derived from the agent’s recent observation and
GG = (VG, EG): the reference intra-region graph extracted from the cloud’s current global
map state, constrained to a region near the local observation. Let n = |VL| and m = |VG|
denote the number of nodes in the local and reference graphs, respectively. MapGlue com-
putes a type-aware affinity matrix M ∈ Rn×m to estimate the potential correspondence
between elements in the two graphs. The total affinity M is composed of two components:
Node affinity matrix Mnode, which measures candidate matches between nodes; Edge affinity
matrix Medge, which compares structural consistency between node pairs using their edge
relationships.

Specifically, MapGlue computes node affinity Mnode and edge affinity Medge for each pair
of nodes across the local and reference graphs, conditioned on their semantic labels. Let
each node v ∈ V be represented by a feature vector f = [x, y, θ, ℓ], where: (x, y) is the 2D
centroid of the map element, θ is the heading (orientation angle), ℓ is the element length.
Let fL

i and fG
j denote the features of node i in the local graph GL and node j in the global

graph GG and tL
i and tG

j be their semantic labels. The node affinity between fL
i and fG

j is
computed only if the labels match: tL

i = tG
j (otherwise set to −∞). For matching labels, the

affinity score incorporates the following: Euclidean center distance dij = |(xi, yi)− (xj, yj)|2,
Heading difference ∆θij = |arctan 2 (sin(θi − θj), cos(θi − θj))| and Length difference ∆ℓij =
|ℓi − ℓj|. Then, the node affinity score is Mnode[i, j] = −(dij + ∆θij + ∆ℓij) + c, where c

is a bias constant. Edge affinity favors consistency in local structure by comparing the
average intra-class neighbor distances between nodes. Let DL and DG denote the pairwise
distance matrices for the local and global graphs, respectively, the edge affinity is defined
as Medge[i, j] = −λ · |d̄L

i − d̄G
j |, where λ is a weighting hyperparameter and d̄L

i and d̄G
j are

average distance of node i (j) to its close neighbor nodes (within threshold distance τ) in
the graph. The full type-aware affinity matrix is obtained by aggregating the node and edge
components: M[i, j] = Mnode[i, j]⊕Medge[i, j] (element-wise sum). This formulation ensures
that MapGlue matches elements only when they share semantics and exhibit compatible
structure and local geometry.

Upon computing the affinity matrix M, the next step is to identify the largest consistent
subgraph between the local graph GL and the global graph GG. This problem, known as
Maximum Common Subgraph (MCS) detection, is NP-hard [78], necessitating algorithms
that balance precision and computational efficiency. To balance accuracy and efficiency,
we leverage the semantic and structural observations introduced earlier (Category 1 and
2) and design a greedy, type-aware matching algorithm. The core idea is to iteratively
select the node pair with the highest affinity while enforcing type-specific constraints on
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displacement and geometry alignment. For lane dividers and boundaries, the matching
allows for global displacement of lane divider nodes (Category 1) during graph merging
using a displacement variance constraint and a heading angle constraint. For pedestrian
crossings (Category 2), nodes are matched with stronger locality constraints. However,
their geometric representations are handled differently during merging; instead of strict shape
and orientation matching, the algorithm allows the actual map element (polygon) to grow or
reshape by taking the union of the matched observed polygons. Pedestrian crossing nodes
in close proximity can also be merged. This matching process proceeds as follows:

1. Find the highest-scoring unmatched node pair (i, j) in M.

2. Check if (i, j) satisfies displacement and heading constraints based on its semantic
label t.

3. If valid, record the match, update the displacement buffer, and remove row i and
column j from M.

4. Repeat until no valid matches remain. Add remaining nodes to the merged graph GG′ .

This greedy approach enables efficient and robust graph matching under real-world condi-
tions, handling misalignments and view inconsistencies while preserving semantic structure.
It allows MapGlue to incrementally merge incoming graphs with asynchronous, multi-agent
observation.

After obtaining the intra-region merged graph GG′ , MapGlue performs an inter-region
alignment step to integrate the new data into the global map state G. Inspired by
ADoPT [66], which demonstrates the utility of point-set registration for capturing temporal
consistency, we apply rigid Coherent Point Drift (CPD) [150] to align GG′ with the global
map. CPD is particularly well-suited for our application due to its robustness in aligning
structured 2D primitives like polylines and polygons under small misalignments, as we have
already merged the graphs with larger displacements. Unlike prior approaches [172], which
often rely on simpler heuristics like proximity for instance-level merging, MapGlue employs
a sophisticated type-aware, structure-preserving greedy matching algorithm. This method
explicitly accounts for the varying displacement consistency observed across different seman-
tic types of map elements. When this intelligent graph matching is synergistically combined
with precise point (the minimum unit in vectorized HD map) rigid registration [103, 214],
GraphMap can resolve complex misalignments and viewpoint discrepancies inherent in multi-
agent observations with significantly higher accuracy and semantic fidelity, leading to a more
consistent and reliable collaborative global HD map construction.
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Algorithm 3: Selective Map Sensing
with Feedback-Delayed Double-Ended
Bandit

Input : Epsilon ϵ, feedback delay d, total frames
T , Hyperparamater DataType

Initialize: Qupload, Qskip ← 0 // SV rewards
1 Nupload, Nskip ← 0 // Action counts
2 Global raster mask MG ← ∅

3 for t← 1 to T do
4 Extract local map graph GL

t
/* Agent-side: upload decision */

5 if Random() < ϵ then
6 at ← random choice from {upload, skip}

// Explore
7 else
8 at ← arg max(Qupload, Qskip) // Exploit

9 if at = upload then
/* Cloud-side: compute SV */

10 Rasterize GL
t to get mask Mt

/* Calculate fraction of Mt not
in/overlaps with MG */

11 NewArea, Consistency←
|Mt\MG|

|Mt| ,
|Mt∩MG|

|Mt|
12 SVt ← αNewArea + βConsistency;

MG ←MG ∪Mt

13 Schedule SVt as feedback rt

/* Agent-side: receive feedback */
14 if feedback rt is available then
15 at−1 ← action taken at time t− 1;

Nat−1 ← Nat−1 + 1
16 Freshness← exp (∆t) + exp (∆d) where

∆t is the time since the agent’s last
upload, ∆d is the spatial displacement
from the last upload location

17 Qat−1 ← Qat−1 + 1
Nat−1

(rt−1 + γ ·

Freshness + δ ·DataType−Qat−1 )

Algorithm 4: High-Definition Con-
tinuous Change Detection and Classifi-
cation

Input : Global map G, local observations {oe
t},

decay constant τ ,
threshold θadd and θremove,
initial change prior ε (learned from

historical calibrated data)
Initialize: P0(ze = unchanged)← 1− ε

reportadded ← ∅
reportremoved ← ∅

1 foreach oe
t in temporal order do

/* Compute observation likelihoods */
2 P (oe

t |changed), P (oe
t |unchanged) based on

IoU
/* Predict prior from previous step */

3

P (ze
t |oe

<t) =
∑

ze
t−1

P (ze
t |ze

t−1)P (ze
t−1|o

e
<t)

/* Update posterior via Bayesian belief
update (Eq. 6.2) */

4
P (ze

t = changed|oe
≤t) ∝ P (oe

t |ze
t ) P (ze

t |oe
<t)

/* Apply temporal weighting */
5 ωt = exp(−∆t/τ)
6 Pt(change)←

ωtP (ze
t =changed|oe

≤t
)

ωtP (ze
t

=changed|oe
≤t

)+(1−ωt)[1−P (ze
t

=changed|oe
≤t

)]

7 foreach unmatched local element li do
8 if Pt(change) > θadd and li /∈ G then
9 reportadded.insert(li)

10 foreach unmatched global element gj do
11 if Pt(change) > θremove and gj ∈ G then
12 reportremoved.insert(gj)

13 return Change report: added, removed

6.3.3 Selective Map Sensing

To efficiently manage network bandwidth and cloud computation in large-scale collabora-
tive HD map construction, GraphMap incorporates a Sensing Value (SV)-guided Selective
Map Sensing (SMS) mechanism. This strategy determines whether an agent should upload
its local observation to the cloud. It optimizes data transmission by ensuring only infor-
mation with significant utility for global map construction is processed, thereby reducing
wireless network bandwidth requirements and computation load. The design of our SV
function is motivated by three key observations: (1) Global map construction must balance
exploration (new area coverage) and exploitation (consistency improvement); (2) Redundant
uploads—especially from stationary or slow-moving agents—should be penalized; (3) Agents
differ in their mapping value. Static infrastructure sensors initially provide high coverage and
consistency. However, their marginal utility for mapping unchanged areas tends to diminish.
Vehicles, on the other hand, are crucial for continually contributing to dynamic updates and
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capturing new information.
Based on these insights, we define the Sensing Value of an observation GL as:

SV (GL) = α · NewArea(GL) + β · Consistency(GL)
+ γ · Freshness(GL) + δ · DataType(GL)

(6.1)

Each term reflects a distinct utility dimension, and the scalar weights α + β + γ + δ = 1
allow tuning based on system priorities:
• NewArea(GL) quantifies the degree to which x covers previously unmapped regions,

encouraging spatial exploration.
• Consistency(GL) measures how well GL aligns with the current global map—rewarding

observations that maintain map coherence while penalizing those that are perfectly consistent
and thus unlikely to contribute new information.
• Freshness(GL) penalizes redundant uploads from slow-moving or static agents, favoring

non-repetitive updates.
• DataType(GL) assigns source-dependent weights as hyperparameters (e.g., fixed infra

vs. dynamic vehicles), capturing the heterogeneity and time-varying value of agents.
While consistency and freshness are both linked to temporal characteristics, they operate

at different layers: Consistency is evaluated at the cloud side by comparing against the
current global map, whereas Freshness is computed locally by the agent using movement
and timestamps. This separation is intentional—it forms the core of our double-ended SV
computation design. Importantly, there are scenarios where a “freshness penalty” on the
agent side can be overruled by valuable content assessed by the cloud. For example, an
agent might have just uploaded a frame, but the next observation may still cover a new area
or reveal updated geometry previously occluded (e.g., due to dynamic objects like trucks). In
such cases, the combined cloud-side feedback—capturing both new coverage and improved
consistency—can outweigh the freshness penalty, leading to a justified upload. This dynamic
trade-off is handled seamlessly through our hybrid SV computation.

To schedule uploads across time and agents, GraphMap formulates the SMS policy using
a feedback-delayed, double-ended ϵ-greedy multi-armed bandit (MAB) algorithm [185]. The
algorithm is a lightweight Reinforcement Learning (RL) method [80, 115, 50]. While it is
efficient to run in real-time, it still captures the core trade-off between exploration (trying
potentially valuable uploads) and exploitation (leveraging known high-SV behaviors), which
is the key to our case. Each agent (or potential data stream) is treated as an arm, and its
reward corresponds to the SV of its observation. With probability 1− ϵ, each agent selects
to follow the prediction of reward SV of past feedbacks (exploitation); with probability ϵ,
it explores by randomly making decisions to account for uncertainty or unobserved changes
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and to prevent the system from getting stuck in local optima.
The double-ended nature ensures that SV computation is distributed. Agents can locally

compute parts of the SV: DataType (a hyperparameter based on its static/mobile role),
Freshness (based on GPS/IMU movement, time since last upload). The cloud, on the other
hand, must compute the global-context components: NewArea (by comparing the observa-
tion to the global map’s current coverage), and Consistency (by rasterizing and aligning the
observation with existing fused segments). Detailed formulas are in Algorithm 3.

Moreover, the delayed feedback setting reflects the practical reality that the full impact
of an upload, i.e., NewArea and Consistency measure, can only be assessed after MapGlue
has processed the data. This makes our designed MAB model particularly suitable for
asynchronous, multi-agent scenarios. The workflow of the algorithm is presented in Algo-
rithm 3. While MAB is a classical tool for balancing exploration and exploitation, our
unique contribution lies in extending it to a feedback-delayed, double-ended design tailored
for decentralized, multi-agent HD map construction. By partitioning reward generation be-
tween agent-side and cloud-side in a way that enables asynchronous, resource-aware upload
decisions, SMS enables GraphMap to build a comprehensive vectorized global HD map while
minimizing communication and compute costs through intelligent, adaptive data selection.

6.3.4 Detecting Map Updates with HD-CCDC

Real-world road environments are highly dynamic, with frequent structural or semantic
changes caused by construction, maintenance, or temporary events [119, 44, 53]. To ensure
the long-term accuracy and reliability of the global HD map, GraphMap incorporates a robust
mechanism for cross-validating HD Map Changes through a probabilistic method named
High-Definition Continuous Change Detection and Classification (HD-CCDC). Inspired by
the original CCDC paradigm [240] for detecting landscape-level changes on satellite images,
our method improves the majority-voting-based CCDC method on vectorized map elements
and enables uncertainty-aware map maintenance across multiple asynchronous agents.

The core idea of HD-CCDC is to treat the state of each map element as a latent state
variable whose probability evolves over time. Rather than tallying discrete votes from agent
observations, each observation contributes probabilistically to the posterior belief that a
map element has changed. Specifically, for each map element ei, we maintain a posterior
Pt(change|O1:t) that reflects the confidence of change after t rounds of observations oe

≤t =
{oe

1, oe
2, . . . , oe

t}.
Each map element ei is associated with a latent binary state variable ze

t ∈
{changed, unchanged} and an observation sequence oe

≤t = {oe
1, oe

2, . . . , oe
t}. At each new
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observation, the posterior belief of being changed is updated recursively following:

P (ze
t | oe

≤t) ∝ P (oe
t | ze

t )
∑
ze

t−1

P (ze
t | ze

t−1)P (ze
t−1 | oe

<t) (6.2)

Here, P (oe
t | ze

t ) represents the observation likelihood — how probable the observed local map
evidence is, given that the element is in a changed or unchanged state — while P (ze

t | ze
t−1)

captures the temporal transition dynamics. To incorporate temporal relevance, we apply a
time-decay weight ωt = exp(−∆t/τ) when integrating evidence. This ensures that recent,
high-confidence observations have a stronger influence, while outdated information gradually
loses impact. P (zt|zt−1) and prior observation P (ot|zt) are learned through Baum-Welch
algorithm [213] using IoU geometric similarity [6] from calibrated data (more details in
evaluation). After updating all elements, the posterior probabilities are used to classify
changes as follows: (1) elements with high posterior but missing from the global map are
labeled added; (2) existing elements with persistently high posterior but no recent matches
are labeled removed; These probabilistic change candidates are then integrated through
MapGlue (§6.3.2) for incremental updates to G. The pseudo-code of HD-CCDC is shown in
Algorithm 4.

By leveraging probabilistic inference and time-decaying weights in change detection, HD-
CCDC unifies temporal consistency, observation reliability, and uncertainty propagation
into a single module. It mitigates false positives from transient mismatches, adapts to asyn-
chronous sensing, and provides a continuous probabilistic interpretation of map evolution.
This enables GraphMap to maintain and refine global HD maps with both statistical rigor
and practical robustness in dynamic real-world environments.

6.4 System Implementation

We implement GraphMap using both Python and C++, and the prototype consists of about
8K lines of code. We implement an emulator of crowd-sourced multi-agent global vectorized
map construction. The emulator accepts pre-recorded sensor traces of different modalities,
including camera images or LiDAR point clouds and 3D poses of vehicles over consecutive
frames. Emulated vehicles run MapTRv2 [134] as their online local HD map detector, and
upload the vectorized detections via SMS policy. The emulated cloud runs MapGlue, cloud-
side SMS in the foreground, and HD-CCDC in the background. We run all our emulation
experiments on an Ubuntu 20.04 server machine with a 64-core CPU and 128 GB of memory.
Network Emulation. To emulate real vehicle-cloud communication, we use real-world
cellular and V2X [153, 149] network traces collected during driving and emulate changing
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Table 6.1: Performance comparison on global HD map construction on DAIR-V2X. GraphMap
(C) stands for agents using only camera data, and (C+L) for using both LiDAR and camera
for local HD map detection.

DAIR-V2X Maps: 06, 08, 09
Map Method APped APdiv mAP
Range: 300× 300 m

06

PolyMerge 14.8 8.5 11.7
FDC 20.2 2.7 11.4
HBM 16.7 9.4 13.0
GraphMap (C) 87.5 30.3 58.9
GraphMap (C+L) 87.5 32.0 59.8

Range: 250× 250 m

08

PolyMerge 8.0 13.7 7.4
FDC 33.0 0.2 16.6
HBM 0.0 22.9 11.5
GraphMap (C) 100.0 50.2 75.1
GraphMap (C+L) 100.0 48.1 74.1

Range: 300× 300 m

09

PolyMerge 76.9 5.8 41.3
FDC 59.4 4.6 32.1
HBM 7.0 5.0 6.0
GraphMap (C) 92.3 7.7 50.0
GraphMap (C+L) 92.3 16.6 54.5

DAIR-V2X Maps: 10, 13, 16
Map Method APped APdiv mAP
Range: 300× 300 m

10

PolyMerge 0.1 18.3 9.2
FDC 31.0 0.3 15.7
HBM 0.0 11.9 6.0
GraphMap (C) 85.7 41.6 63.6
GraphMap (C+L) 85.7 45.7 64.7

Range: 250× 250 m

13

PolyMerge 61.8 8.1 39.9
FDC 51.6 1.8 26.4
HBM 57.5 6.3 31.9
GraphMap (C) 100.0 8.8 54.4
GraphMap (C+L) 100.0 16.3 58.1

Range: 250× 250 m

16

PolyMerge 49.4 1.7 25.6
FDC 45.0 1.2 23.1
HBM 12.5 9.8 11.1
GraphMap (C) 83.3 9.9 46.6
GraphMap (C+L) 83.3 14.0 52.8

bandwidth while simultaneously replaying the sensor data streams. The bandwidth statistics
of the traces are 13.5 ± 10.4 Mbps, with 16.6 ± 5.4 ms of latency and 4.5 ± 12.7% of packet
loss. In our evaluation, we emulate agents to use UDP for uploading the vectorized local
maps. This is because instead of TCP, UDP is the primary underlying transport layer
protocol for vehicular applications [52, 149].
Training details. We train a state-of-the-art online local HD model, MapTRv2 [134]
with 4 NVIDIA A100 GPUs with a batch size of 8. We adopt ResNet50 [93] as the image
backbone and PointPillar [120] as the LiDAR backbone. Other training details are consistent
with [133].

6.5 Evaluation of GraphMap

6.5.1 Experiment Setup

Motivation for using multi-agent datasets. Unlike prior work that evaluates local HD
map models on single-vehicle datasets such as nuScenes [56] or Argoverse [203], our goal is to
evaluate the end-to-end performance of collaborative, vectorized global HD map construction
across asynchronous and spatially distributed data. Multi-vehicle datasets are essential to
capture key properties such as agent heterogeneity, spatial overlap, and asynchronous sens-
ing, which are not presented in single-vehicle benchmarks. Therefore, we use both real-world
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and synthetic multi-agent datasets to faithfully emulate the crowdsourced global map con-
struction scenario. While multi-vehicle datasets are extensively studied for object detection
tasks [219, 233, 143, 227], to the best of our knowledge, our work is the first work to evaluate
global vectorized maps using real-world multi-vehicle data.
Datasets and evaluation metrics. We evaluate GraphMap on two real-world multi-agent
datasets: DAIR-V2X [219] and V2XPnP [233], and one synthetic multi-vehicle dataset:
OPV2V [210], using standard HD map detection and evaluation settings [133, 134, 127].
The DAIR-V2X dataset includes one vehicle and one infrastructure agent at six intersections.
Each agent is equipped with a front-view RGB camera and the dataset provides global 2D
vectorized HD map annotations. Due to the front-only camera view, we restrict the lo-
cal perception range to the forward x-axis of each agent. For the vehicle, the perception
range is [0, 30] meters in the x-direction and [−15, 15] meters laterally; for the infrastruc-
ture, the forward range is extended to [0, 75] meters. The V2XPnP dataset involves four
agents: two connected vehicles and two infrastructure nodes. Each vehicle is equipped with
four RGB cameras, allowing us to extend their local perception range to [−30, 30] meters in
the x-direction. Each infrastructure node has two cameras and shares the same perception
configuration as in DAIR-V2X. We adopt the mean Average Precision (mAP) metric [133],
evaluated over multiple chamfer distance thresholds (1.0, 1.5, 2.0 m), to assess vectorized
global map accuracy. Following prior work [133, 134], we evaluate three common types of
vectorized map elements: pedestrian crossings, lane dividers, and road boundaries. Due to
different available annotations in the dataset maps, we evaluate pedestrian crossings and
lane dividers on DAIR-V2X, and lane dividers and road boundaries on V2XPnP. To further
assess GraphMap under large-scale, highly dynamic multi-agent settings, we conduct addi-
tional experiments on the OPV2V dataset [210]. Unlike DAIR-V2X and V2XPnP, which are
real-world datasets collected from limited spatial extents, OPV2V provides simulated but
photo-realistic cooperative driving scenes across multiple town-level maps in CARLA [26],
featuring diverse urban layouts, curved lanes, intersections, and heterogeneous traffic par-
ticipants. We group scenarios in the dataset based on the map number in the original
train/validation set for global map construction. Each grouped scene involves 30–60 agents
equipped with RGB cameras and LiDAR sensors. Each agent extracts their local HD map
predictions within a fixed perception range of [−30, 30] meters in both axes. We evaluate
the fused global maps using the same mAP metric as in the real-world experiments, focusing
on pedestrian crossings and lane dividers.
Collaborative map update benchmark. To evaluate the system’s ability to detect
and integrate map changes, we build DAIR-V2X-Change, a synthetic benchmark based
on DAIR-V2X. In this benchmark, the ground truth map is manually altered [119] while
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the original front-view camera image sequence remains unchanged, emulating real-world
map update scenarios. We simulate these updates by removing/adding a subset of HD
map elements from the original ground truth map. These removals/additions represent
reconfigurations like construction or road repaintings. Following standard practice [210], we
perform train/validation/test splits, using the training set to calibrate HD-CCDC parameters
via Baum-Welch, and validation/test sets to evaluate change detection performance.
Baselines. We compare GraphMap against several baselines, which pair the vehicle-side
MapTRv2 [134] model with different state-of-the-art (SOTA) cloud-side fusion strategies.
• PolyMerge [172]: A SOTA rule-based mechanism merging vector polylines via spatial

proximity and geometric heuristics, reimplemented from the paper due to lack of open-
sourced code.
• Fréchet Distance Clustering (FDC) [54]: It is a strong representative of trajectory

similarity-based clustering approaches for grouping and consolidating similar map elements
based on their intrinsic shapes, often considered a more sophisticated alternative to simple
proximity. These metrics are frequently benchmarked in trajectory analysis [89, 64].
• Heatmap Buffer Merge (HBM): Utilizes an intermediate raster representation, con-

verting vectors to heatmaps, buffering for merging [59], then re-vectorizing [74]. Raster-based
fusion followed by vectorization is a technique explored in various map works [59, 176].

We train distinct MapTRv2 detectors for vehicle agents and infrastructure agents (using
their specific calibrations and visibility) to handle heterogeneity. To evaluate the impact of
sensor modality, we create two variants of GraphMap: GraphMap (C) using camera-only local
HD map detectors, and GraphMap (C+L) using both camera and LiDAR sensors for richer
environmental perception. All models across baselines and GraphMap use identical training
supervision and configurations for a fair and rigorous comparison.

6.5.2 End-to-end Global Vectorized Map Results

We first systematically evaluate the end-to-end performance of GraphMap on global vectorized
HD map construction across multiple real-world intersections, road segments, and simulated
town-level maps. The end-to-end evaluation aims to answer the two key questions: (1) How
does GraphMap compare to baseline methods in terms of overall mapping accuracy? and
(2) To what extent does GraphMap reduce network bandwidth and system-level computation
costs through its design?
Global vectorized HD map accuracy. Table 6.1 and Table 6.2 present the results
across multiple global intersections and road segments from the DAIR-V2X and V2XPnP
datasets. Across all maps and settings, GraphMap significantly outperforms the baseline fu-
sion strategies—PolyMerge [172], FDC [54], and HBM [74]—in both per-class AP and overall

101



Table 6.2: Performance comparison on global vectorized HD map construction on V2XPnP.
V2XPnP Map: Urban Arterial Road

(UAR)
Map Method APbound APdiv mAP
Range: 300× 450 m

UAR

PolyMerge 24.0 13.1 18.5
FDC 13.9 14.6 14.3
HBM 14.5 0.8 7.6
GraphMap (C) 31.2 46.7 38.9
GraphMap (C+L) 28.9 45.7 37.3

V2XPnP Map: Urban Expressway
(UE)

Map Method APbound APdiv mAP
Range: 250× 600 m

UE

PolyMerge 39.5 12.8 26.2
FDC 39.0 12.1 25.6
HBM 13.0 2.8 7.9
GraphMap (C) 52.8 37.6 45.2
GraphMap (C+L) 47.1 35.7 41.4

Table 6.3: Performance comparison on Town-level global vectorized HD map construction
on OPV2V.

OPV2V Maps: Town04, Town05
Map Method APped APdiv mAP

Number of Agent: 35

04

PolyMerge 73.1 24.3 48.7
FDC 32.8 16.7 24.8
HBM 30.3 7.8 19.1
GraphMap (C) 92.8 35.7 64.2
GraphMap (C+L) 92.8 38.0 65.4

Number of Agent: 60

05

PolyMerge 48.3 25.5 36.9
FDC 22.6 17.7 20.2
HBM 42.5 16.1 29.3
GraphMap (C) 86.8 33.0 59.9
GraphMap (C+L) 86.8 33.2 60.1

OPV2V Maps: Town06, Town10HD
Map Method APped APdiv mAP

Number of Agent: 53

06

PolyMerge 66.4 40.6 53.5
FDC 53.2 19.6 36.4
HBM 75.0 24.8 49.9
GraphMap (C) 78.5 45.5 62.0
GraphMap (C+L) 85.7 45.6 65.7

Number of Agent: 30

10

PolyMerge 58.0 51.7 54.8
FDC 35.2 16.9 26.1
HBM 65.8 40.2 53.0
GraphMap (C) 87.5 46.8 67.2
GraphMap (C+L) 93.7 52.9 73.3

mAP. This validates the effectiveness of our graph-based sparse fusion method, MapGlue,
for scalable, accurate global HD map construction. In particular, we observe that: (1) On
DAIR-V2X maps, GraphMap (C+L) achieves an average mAP improvement of 25–50% over
the best-performing baseline. When both camera and LiDAR are used (C+L), performance
further improves for lane divider alignment due to better sensor coverage and more sensor
features, as agents in DAIR-V2X only have one front camera; (2) For Map-08 and Map-10,
our system reaches mAPs of 75.1 and 63.6 respectively—substantially higher than the next-
best baseline FDC (16.6 and 15.7 in both cases). On Map-13, GraphMap (C) achieves perfect
detection for pedestrian crossings, further demonstrating the system’s robustness across di-
verse urban intersections; (3) On the V2XPnP dataset, which features more complex road
geometries and larger agent numbers, GraphMap again achieves the highest performance,
particularly for lane divider predictions. Notably, the gap is even more significant for the
Urban Arterial Road scene, where our method leads to a 15–30% mAP gain over PolyMerge
and FDC. When both camera and LiDAR are used in V2XPnP, we did not observe a sig-
nificant improvement in overall performance. This is likely due to that agents in V2XPnP
are equipped with multiple cameras already, capturing rich enough information for detecting
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GraphMap (C) Ground Truth

Lane Dividers Pedestrian Crossing

Figure 6.3: Visualization of a multi-intersection map built by GraphMap in OPV2V Town05.

HD map elements locally, thus providing enough information for MapGlue to construct the
global map.
Large-scale emulation on OPV2V. We further evaluate GraphMap on the OPV2V
dataset, which provides diverse cooperative driving scenarios across different town-level
maps, varying in layout complexity, traffic density, and scales more number of participating
agents. As summarized in Table 6.3, GraphMap consistently outperforms all baseline map fu-
sion methods across all towns. In Town04 with 35 agents, GraphMap (C+L) achieves a mAP
of 65.4, substantially higher than baselines with 16.7 absolute mAP. Similar improvements
are observed in Town05 with 60 agents, where GraphMap (C+L) reaches 60.1 mAP, outper-
forming the best baseline by over 60%. In the more challenging Town06 and Town10HD
map, GraphMap (C+L) achieves a mAP of 65.7, improving consistently over baseline meth-
ods by over 22%. These consistent gains demonstrate that GraphMap effectively maintains
global map accuracy that scales with a larger number of agents and heterogeneous agent
observations. Thanks to the unique design of MapGlue, GraphMap maintains structural con-
tinuity for map elements spanning across large areas (Fig. 6.3), highlighting the benefit of
integrating local updates into the global map fusion process.
Examples of vectorized global map construction results. Fig 6.4 shows an example
of global HD map construction results using different fusion methods. As shown, none of the
baseline methods produces an accurate global HD map by fusing multi-agent local map ob-
servations. For example, we find that PolyMerge [172] is faster than FDC and creates smooth
results for most lane dividers, but it can easily be influenced by outliers and partial observa-
tions of pedestrian crossings, making the merged pedestrian crossing inaccurate. All three
baseline methods fail to generate accurate global maps, indicating the inefficiency of exist-
ing map fusion techniques for collaborative global map construction. GraphMap significantly
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(a) HBM (b) FDC (c) PolyMerge (d) GraphMap (C) (e) Ground Truth

Figure 6.4: Comparison of HBM, FDC, PolyMerge, GraphMap, and Ground Truth on DAIR-
V2X Map 06. Orange lines represent lane dividers, and blue polygons represent pedestrian
crossings.

outperforms baseline methods by producing a more fine-grained and accurate representation.
This improvement stems from accurate type-aware structure-preserving map matching and
point-set registration, which effectively resolves misalignments caused by discrepancies in
viewpoints across different vehicles when handling overlapping or conflicting map elements,
as illustrated in Fig. 6.4d. Additional examples of global maps in Fig. 6.5 demonstrate that
our GraphMap performs well across various road scenarios, thereby reinforcing its reliability
and robustness.
Global map accuracy vs. bandwidth efficiency. Fig. 6.6 compares different global
map construction approaches in terms of average mAP and average normalized communica-
tion bandwidth usage. Each point represents a method, with error bars denoting variance
across maps evaluated. We observe that both variants of GraphMap, GraphMap (C) and
GraphMap (C+L), substantially outperform all baselines in the accuracy-bandwidth tradeoff.
Compared to baselines, which transmit all agent observations without filtering, GraphMap
reduces communication load by 25–33% and still achieves 2–3× higher average mAP. This
is attributed to our SMS mechanism, which prioritizes uploading only high-value data based
on sensing value.

Notably, combined with the SMS, GraphMap can even achieve a 5% more accurate im-
provement compared to MapGlue (our ablated variant with full upload but graph-based
fusion) while reducing the bandwidth requirement by over 25%. This interesting observa-
tion highlights the effectiveness of our selective data transmission in that it not only saves
network bandwidth but also avoids redundant and low-quality data from being uploaded to
reduce global map construction accuracy.
Computation efficiency. Fig. 6.7 shows the total computation time required to construct
the global map across six DAIR-V2X maps and two V2XPnP maps over all tested frames.
GraphMap (both C and L+C variants) achieves significantly lower compute time, due to
its lightweight sparse graph representation and efficient matching algorithm. For example,
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(a) HBM (b) FDC (c) PolyMerge (d) GraphMap (e) GT

Figure 6.5: Comparison of HBM, FDC, PolyMerge, GraphMap, and Ground Truth (GT) on
Global Map Construction across another five different road configurations (Map 08, 09, 10,
13, 16).
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Figure 6.8: An example of global map element update detection through GraphMap’s HD-
CCDC algorithm.

GraphMap (C) is 3× faster than PolyMerge and over 10× faster than FDC, which performs
clustering over full pairwise trajectory distances. Even though MapGlue (without selective
sensing) incurs higher bandwidth usage, it remains relatively efficient in computation due to
efficient graph matching. This further confirms that our full system design balances sensing
efficiency, fusion scalability, and practicality.
Performance of map update and change detection. Next, we evaluate the map element
change detection using our synthetic dataset, DAIR-V2X-Change. Fig. 6.8 illustrates an
example of detecting the change using the HD-CCDC algorithm (§6.3.4). The leftmost
panel shows a stale global HD map with missing road markings. As new local observations
are uploaded by multiple agents over time, the HD-CCDC module compares them against
the existing global map and identifies candidate changes. These are visualized in the third
panel: newly observed elements are marked in green (added). These elements are integrated
into the global map, resulting in an up-to-date representation (right-most panel).

Fig. 6.9 summarizes the F1-Score [212] (a well-used metric that balances false positives and
false negatives) for GraphMap to detect both addition and removal of elements. As shown,
GraphMap significantly improves the F1 score in detecting map changes by an average of
52.9%, compared to GraphMap without the HD-CCDC module. Furthermore, we applied
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the HD-CCDC module to a baseline method HBM. We found that adding the module to
a baseline can already beat GraphMap w/o HD-CCDC, indicating the effectiveness of our
HD-CCDC module.

6.5.3 Ablation Study

Next, we conduct an ablation study to dissect the contributions of key components of
GraphMap, and to show how our design enables robustness against environmental noise and
achieves efficient, lightweight runtime performance. We run all ablation experiments on the
DAIR-V2X dataset.
Impact of GraphMap’s key design component. Firstly, to study the effectiveness of
GraphMap’s core map fusion algorithm, MapGlue, we replace the map fusion algorithm with
other baselines while keeping the SMS for bandwidth saving for fair comparison. As shown
in Fig. 6.10, MapGlue improves 37.2 absolute mAP over all baseline solutions, reinforcing the
need for a type-aware, structure-preserving fusion algorithm (§6.3.2). Secondly, to study the
effectiveness of GraphMap’s SMS module (§6.3.3), we keep the MapGlue algorithm for map

107



Sensor Frame Index

A
ge

nt
1 

(V
)

A
ge

nt
2 

(I)
Trajectory of Agent1  
(Vehicle) on Map06 

Global Map Accuracy
 over Frames

SMS avoid uploading 
redundant observations

Slow Acc. Increase as 
redundant data skipped

Overlapped 
Trajectories
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fusion but replace the SMS with two baseline strategies that match the bandwidth savings
of SMS: (1) random frame upload sampling (Random); (2) fixed frame-rate sampling (FS).
Our experiments show that SMS indeed selects informative data to upload for building the
global map accurately, improving over the FS and Random baseline by an average of 12.0
mAP in global accuracy under the same network bandwidth usage. Furthermore, we show a
case of how SMS in GraphMap selects informative data and avoids redundant observations in
Fig. 6.12: for agent 1 (a moving vehicle), SMS skips its data uploading as it goes through a
trajectory (sensor frames 70 to 120) that has just been observed and largely overlapped. For
agent2 (an infrastructure), it uploads continuously at the beginning, but then reduces its
upload frequency drastically because it’s stationary and its contribution to the global map
becomes less over time. This is also reflected by the quick map accuracy increase at the first
20 frames. Note that the infrastructure still uploads its observation from time to time, which
is powered by the MAB algorithm in SMS, making the detection of map changes easier if
map elements get reconfigured (§6.3.4).
Robustness to environmental noises. We evaluate GraphMap under two critical and
realistic types of environmental noises: network packet loss and agent localization error.
These two factors are particularly important for collaborative HD map construction. Unlike
latency and synchronization errors, which GraphMap tolerates naturally as it aims for accurate
global maps, packet loss, and localization errors directly impair spatial completeness and
alignment in the global map. Following statistics from prior studies [52, 143], we evaluate
GraphMap under increasing levels of packet loss and localization noise. Fig. 6.13 and 6.14
reveal that GraphMap is more robust under higher noises compared to baselines, as the
accuracy drop of GraphMap is more graceful (¡3% for 55% of packet drop rate and 0.5m
of localization error). GraphMap’s resilience to network packet loss comes from the SMS
strategy because when a frame gets scheduled to be uploaded and gets lost, the agent will
redo the upload for the next observation, as the reward remains unchanged if a frame does
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Figure 6.16: GraphMap Latency breakdown.

not get fused. This makes loss of frames less critical because the immediate next frame will
have very close information that can contribute to the global map. GraphMap is also robust
to localization noises because MapGlue (§6.3.2) takes drifts of map elements into account in
the first place. Combined with CPD registration, spatially misaligned components still get
fused accurately into the global map, thus enhancing GraphMap’s performance under high
pose errors.
Perfomance w.r.t. different ϵ parameter in SMS. Fig. 6.15 shows the performance and
bandwidth trade-offs by setting different values for the ϵ parameter in the SMS algorithm.
We found that ϵ = 0.15 strikes the right balance of accuracy and bandwidth saving, and thus
we select it as the configuration. When ϵ becomes larger and larger, mAP decreases. At the
same time, bandwidth saving will converge and saturate at 50% because ϵ = 1 essentially
will result in random selection.
System latency breakdown. The latency of GraphMap consists of agent-side processing,
network transmission, and cloud processing. Fig. 6.16 provides a breakdown of different
latency types. While GraphMap is not specifically optimized for latency, the processing in
GraphMap is still quite efficient due to the efficient algorithm design, like MapGlue. The data
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Table 6.4: Control-plane and data-plane message overhead for each sensor frame per agent
(mean±std).

Metrics GraphMap (C) GraphMap (C+L)
Control data: GPS+IMU Pose (Bytes) 64 64

Transmission Latency (ms) 12.4±5.0 12.4±5.0
Bandwidth Requirement @ 10FPS (Mbps) <0.1 <0.1

Sensor data: Vectorized Map Elements (KB) 7.2±2.1 8.2±2.4
Transmission Latency (ms) 19.3±7.1 20.6±7.3

Bandwidth Requirement @ 10FPS (Mbps) 0.6±0.2 0.7±0.2

transmitted over the wireless network is vectorized map elements, which are already compact
and thus only consume about 20 ms to finish. Putting everything together, GraphMap results
in a total of 96.5 ms, even satisfying real-time map updates at the cloud for a 10 FPS
sensor rate. This opens future opportunities to develop and optimize real-time vehicle-cloud
applications [95], which is left for future work.
Data message overhead. As discussed in §6.1, approaches based on dense BEV tensors
suffer from high computational [132] and communication overhead [210], particularly when
scaled for global map construction. This is due to the high dimensionality and redundancy
inherent in dense feature maps. In GraphMap, using vectorized map elements offers a much
more compact representation. For instance, a single frame of local vectorized observation in
GraphMap is only 7.2 KB in size, translating to a bandwidth requirement of just 0.58 Mbps
at 10 FPS (Table 6.4) or 1.73 Mbps at 30 FPS. This lightweight property makes vectorized
maps especially suitable for scalable, bandwidth-efficient crowdsourced global HD mapping.

6.6 Summary

In this work, we present GraphMap, a scalable and resource-efficient framework for global
high-definition (HD) map construction using crowdsourced observations from heterogeneous
agents. Departing from dense, ego-centric fusion, GraphMap adopts a graph-based sparse
fusion paradigm that enables robust global stitching and continuous map updates with the
proposed MapGlue and HD-CCDC algorithms. GraphMap adopts a selective sensing mech-
anism to determine valuable observations to upload, balancing map coverage, consistency,
and network resource usage.

Extensive experiments demonstrate that GraphMap significantly improves the accuracy
of global HD map construction while reducing communication and computation overhead.
These results validate our core insight: sparse, selective, and semantically structured collab-
oration enables scalable global HD mapping in large, dynamic environments. A full-scale
real-world trace analysis on more comprehensive, city-wide datasets warrants future investi-
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gation to fully showcase GraphMap’s capabilities as such data becomes more widely available.
We hope this work will inspire further research on scalable global HD mapping and real-time
map maintenance for networked and autonomous driving systems.
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CHAPTER 7

Conclusion

7.1 Future Work

Future work can expand the depth and breadth of my research in several directions.
Toward a unified and robust collaborative perception system. The works in

this dissertation address real-world system challenges in a modular fashion: Harbor tackles
network-layer data delivery; RAO addresses temporal asynchrony; and SCORPION handles
spatial-temporal misalignment under packet loss. Each was evaluated under controlled noise
models derived from real-world measurements. However, in practice, these challenges do not
occur in isolation: a deployed system must simultaneously contend with unreliable wireless
links, clock drift across vehicles, localization noise, heterogeneous sensor quality, and varying
compute budgets, all of which interact in complex and non-linear ways. A natural and
important future direction is to develop a unified collaborative perception framework that
holistically models and mitigates this full spectrum of system imperfections within a single
end-to-end architecture. Such a framework would require co-designing the perception model
with awareness of network dynamics, hardware constraints, and multi-source noise, moving
beyond the current paradigm where robustness to each challenge is treated as an independent
design objective.

Scaling real-world deployment of collaborative vehicular perception. While the
systems developed in this dissertation are designed with real-world constraints in mind and
partially validated on the MCity testbed [27, 226, 237, 227], bridging the remaining gap be-
tween controlled evaluation and full open-road deployment remains a critical challenge. Most
existing collaborative perception works, including those in this dissertation [226, 237, 227],
are mainly developed and benchmarked in simulation environments such as CARLA or on
datasets collected under limited agent counts and controlled conditions. The real-world data
experiments are often conducted by emulation through replaying data traces. In practice,
real-world deployments must contend with several additional challenges that are difficult to
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fully replicate in simulation and emulation: the feasibility of deploying online CVP in real-
world conditions, where neural features reside in GPU memory and must be serialized, com-
pressed, and transmitted in real time under genuine bandwidth and latency constraints [207];
agent heterogeneity, where vehicles from different manufacturers operate with different sen-
sor suites, perception models, and feature representations, creating domain gaps that hinder
effective intermediate fusion [142]; and the sim-to-real gap in perception model generaliza-
tion, where models trained on simulation data degrade when exposed to real-world sensor
noise, lighting variation, and environmental diversity [100, 140]. Future work should inves-
tigate domain adaptation techniques for heterogeneous collaborative agents, develop robust
evaluation protocols on open-road testbeds beyond controlled mock cities, and study the
impact of partial CAV penetration on collaborative perception performance to understand
the minimum deployment threshold required for meaningful perception gains.

Integrating multiple sensor modalities. The perception systems developed in this
dissertation primarily focus on LiDAR-based 3D object detection, which reflects the domi-
nant modality in the collaborative perception literature. However, this design choice limits
applicability to vehicles equipped with lower-cost sensor suites, where cameras may be the
primary or sole sensing modality. Recent work has demonstrated that the collaborative
paradigm can fundamentally change the calculus of modality choice [102]. On the multi-
modal front, LiDAR-camera collaborative perception framework [230] is another promising
direction to account for sensor heterogeneity. More recently, researchers [104] extended
collaborative perception to incorporate 4D radar alongside LiDAR, exploiting radar’s ro-
bustness to adverse weather as a complementary modality. Extending SCORPION and
the RAO framework to support such multi-modal inputs would broaden their applicability
and robustness. This direction also connects naturally to GraphMap, where camera-only
variants already demonstrate competitive map construction performance, suggesting that
modality-agnostic collaborative frameworks – capable of incorporating whatever sensors a
given vehicle carries – represent an important and practically motivated research direction.

Real-time and city-scale HD map maintenance. GraphMap demonstrates accurate
global map construction across town-level simulated environments and real-world multi-
agent datasets, but full city-scale deployment with continuous real-time updates remains an
open challenge. GraphMap’s current design processes crowdsourced map contributions asyn-
chronously in the cloud and relies on a probabilistic change detection module calibrated on
a fixed set of map element categories. A fundamental bottleneck hindering progress in this
direction is the scarcity of large-scale, real-world datasets that capture the full complexity of
city-scale collaborative map construction and maintenance. Existing benchmarks are largely
limited to small geographic extents, controlled intersection scenes, or synthetic environments,
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and few provide the multi-traversal, multi-agent data with ground truth map change anno-
tations necessary to rigorously evaluate crowdsourced update pipelines at scale. Future work
can prioritize the collection and release of city-scale real-world benchmarks that cover di-
verse road topologies, long-horizon temporal change events, and heterogeneous vehicle fleets,
which would enable systematic evaluation of scalable cloud-side fusion architectures, adap-
tive change detection mechanisms, and tighter onboard-cloud co-design strategies. Deeper
integration between the map layer and the real-time collaborative perception stack, e.g., en-
abling map-assisted perception and perception-assisted map updating, represents a potential
promising and underexplored direction that such benchmarks would help unlock.

7.2 Concluding Remarks

This dissertation aims to advance the performance and possibility of realistic collaborative
vehicular sensing applications. Motivated by the gap between the idealized assumptions of
prior work and the imperfect conditions of real-world vehicular deployments, this dissertation
addresses four interconnected challenges across the network, perception, and mapping layers
of collaborative autonomous driving systems.

The contributions presented in this dissertation are:

• Network system support for collaborative vehicular perception. We presented
Harbor, a hybrid V2I and V2V system that improves collaborative perception for
vehicles with poor cellular connectivity by dynamically assigning nearby vehicles as
helpers to relay perception data. Through a weighted bipartite matching formulation
and deadline-aware MAC-layer prioritization, Harbor achieves up to 36% accuracy
improvement and 18–57% latency reduction, validated on a real-world testbed with up
to 100 vehicles.

• Robustness to temporal inconsistencies in collaborative perception. We pre-
sented RAO, a system that addresses the challenge of asynchronous sensor fusion in
multi-vehicle collaboration. By combining motion-compensated occupancy flow pre-
diction with consumer-centric on-demand data scheduling, RAO achieves a 34% im-
provement in perception coverage and 14% improvement in accuracy with minimal
communication overhead, evaluated across simulation and real-world datasets.

• Robustness to spatial-temporal misalignment under network imperfections.
We presented SCORPION, an end-to-end collaborative perception framework that
holistically addresses packet loss, localization error, and synchronization noise through
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a unified transformer architecture. By co-designing the AI layer with the underly-
ing network and hardware constraints, SCORPION advances the state-of-the-art by
5.9–13.2 absolute AP across standard and challenging evaluation scenarios on three
collaborative perception benchmarks.

• Scalable crowdsourced global HD map construction. We presented GraphMap,
a vehicle-cloud framework that constructs accurate global vectorized HD maps from
crowdsourced multi-vehicle observations via sparse graph fusion. GraphMap’s type-
aware structure-preserving fusion algorithm, selective map sensing policy, and proba-
bilistic change detection module collectively enable accurate, communication-efficient,
and continuously maintained global maps, outperforming state-of-the-art baselines by
37.2 mAP while reducing communication cost by over 30% across real-world and large-
scale simulated multi-agent datasets.

Together, these contributions demonstrate that principled co-design across the network,
perception, and mapping layers is essential for deploying collaborative autonomous driving
systems in the real world. By addressing the fundamental imperfections present in real
vehicular environments – from unreliable wireless links and sensor noise to the challenges of
scalable map construction – this dissertation charts a path toward more robust, efficient, and
practically deployable collaborative sensing systems for connected and autonomous vehicles.
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APPENDIX A

Supplementary Material for SCORPION

In this supplementary material, we start with elaborating on the design details of
SCORPION. Next, we provide more model details and a detailed architectural specification
of parameter settings for our implementation. In the end, we present more qualitative detec-
tion results and visualization of the reconstructed feature maps from our lost BEV feature
reconstruction module.

A.1 Discussion of Design Choice

A.1.1 Lost BEV Feature Reconstruction

Assumptions in Underlying V2X Network. We assume that collaborative percep-
tion applications [209, 208, 143] like SCORPION utilize UDP as the transport layer protocol,
aligning with mainstream vehicular network studies [51, 52]. This decision reflects common
practices within the V2X communication landscape.
Encoding Feature Map into Network Packets. Previous work [118] on the system and
network community has proposed methods to encode raw point cloud data into self-contained
network packets. To the best of our knowledge, no prior work has discussed how to encode
and partition the intermediate feature maps into network packets. In SCORPION, we detail the
process of packing the Bird’s-Eye-View (BEV) features into multiple self-contained network
packets. As mentioned previously, the payload size of each network packet is limited by
Maximum Segment Size (MSS) M . In the context of V2X communication, M is in the range
of 50 bytes to 300 bytes in periodical transmissions [30]. Given a BEV feature of shape
(C ′, H, W ) where C ′ is the channel size after compression [210], a packet can fit at most
X = ⌊M/((C ′ + 1) × 4)⌋ cells of features in the BEV map, where the value 4 represents
the bytes needed for one floating-point number (i.e., float32 ). Therefore, we design the
encoding strategy of each packet to contain feature values along with the feature indices
(i.e., the additional 1 in C ′+ 1) into the network packet. For instance, Figure 5.5 illustrates
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an example of how to encode 4 cells in a feature map of size (16, 4, 4) into one packet: the
payload of the packet contains 4×4 = 16 bytes of indices (i.e.,, 1, 2, 5, 6 in the original BEV
map) and the feature values consist of 2×2×16×4 = 256 bytes. Hence the total number of
data consumes 256 + 16 = 272 bytes. Assuming an MSS of 280 Bytes, we leave the potential
remaining 8 bytes in the MSS unused. In this way, each network packet is self-contained,
indicating that the ego agent receiver can decode it into the proper feature position from the
collaborator agents.
Practical Simulation Strategy in Lost Feature Behavior. One prior work, LCRN [126]
makes assumptions that the features affected by lossy communication are filled with random
floating point numbers (essentially random noise) in the feature map F

(t)
j ∈ RC×H×W . How-

ever, we contend that this approach lacks realism for two main reasons: (1) Unrealistic
Encoding and Formatting Assumptions: it omits the actual formatting and encoding of the
feature map into the network packets; (2) Inaccurate Simulation of Packet Loss Behavior :
it simulates unrealistic packet loss behavior at the application layer, which collaborative
perception operates on. According to the widely-adopted OSI network layer model [199],
applications like collaborative perception either receive a full packet or lost the entire con-
tent in the packet when it gets lost during transmission. In our case, based on the encoding
strategy mentioned before, the consequence of a packet loss will make the ego agent lose
the entire features inside all the X cell indices in the packet. To simulate the loss of fea-
ture information more realistically, we zero out the feature vectors at indices where the
network packet gets lost following the network loss rate [52] and reconstruct a full feature
map using our designed L-BEV-R module. This approach, zeroing out features, is more
aligned with real-world scenarios where the application layer receives no information about
the lost features. Filling these areas with random noise would falsely imply some non-exist
knowledge of the lost data, which is not practical. In contrast, setting the feature vector in
indices {(x1, y1), ..., (xn, yn)} to zero prevents the wrong interaction between F

(t)
i and F

(t)
j at

these locations, equivalent to masking out these regions with lost information. This strat-
egy ensures that our simulation of packet losses in feature sharing aligns more closely with
real-world network behavior, enhancing the realism and applicability of our collaborative
perception framework.

A.2 Model Details

A.2.1 Model Architecture Summary

Our model SCORPION is an end-to-end collaborative perception model that employs a unified
Transformer architecture as depicted in Figure A.1. The three key modules in SCORPION:
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Lost BEV Feature Reconstruction (L-BEV-R), Deformable Spatial Cross-Attention (DSCA),
and Temporal Alignment (TA) are integrated as functional blocks both within and external
to the Transformer architecture. The input features to the first transformer block ℓ = 1 can
be classified into three categories: (1) the collaborator agent feature map F

(t)
j at the current

timestamp; (2) the ego agent feature map F
(t)
i at current timestamp; (3) past ego agent

feature map F
(t−1)
i . F

(t)
j go through the L-BEV-R block to get reconstructed feature maps

F
(t)′

j and F
(t−1)
i go through the TA module to align the historical perceptual information

F
(t−1)′

i . Then F
(t)′

j and F
(t−1)′

i are concatenated with the ego feature F
(t)
j to form the input

features Fℓ to the Transformer block. The output from the first transformer block is then
propagated through L− 1 successive blocks with the same architecture to produce the final
output feature FL.

A.2.2 Model Configurations

Given the complexity of the SCORPION model, we articulate its entire formulation as follows:

F
(t)
i = PointPillar(X(t)

i ), F
(t)
i ∈ RH×W×C (A.1)

F
(t)
j = PointPillar(X(t)

j ), F
(t)
j ∈ RH×W×C (A.2)

F
(t−1)
i = PointPillar(X(t−1)

i ), F
(t−1)
i ∈ RH×W×C (A.3)

F
(t)′

j = L-BEV-R(F (t)
j ), F

(t)′

j ∈ RH×W×C (A.4)
F

(t−1)′

i = TA(F (t−1)
i ), F

(t−1)′

i ∈ RH×W×C (A.5)
Fℓ = Concat(F (t)

i , F
(t)′

j , F
(t−1)′

i ) (A.6)
F ′ℓ = Fℓ + MSWin(DSCA(LN(Fℓ))), where
Fℓ ∈ R(N+1)×H×W×C (A.7)

Fℓ+1 = F ′ℓ + MLP(LN(F ′ℓ)), ℓ = 1, . . . , L− 1 (A.8)
F

(t)
i fused = FL[i], F

(t)
i fused ∈ RH×W×C (A.9)

y = DetectionHead(F (t)
i fused) (A.10)

where the input X
(t)
i denotes the raw LiDAR point clouds captured on each agent, which go

through the PointPillar Encoder [120], generating BEV features F
(t)
j for each agent j. These

tensors are then compressed, transmitted through a lossy V2X communication (except for
the ego feature F

(t)
i ), and decompressed at the ego agent side. The partial features are

then reconstructed using the L-BEV-R module and concatenated with the ego feature and
the processed historical feature using the TA module. Next, the integrated features from N
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Figure A.1: The detailed transformer architecture of our proposed SCORPION. We use the
same MSWin Block (*) from [209].

agents are processed using our proposed SCORPION, which consists of L layers of the SCORPION
transformer blocks. Each transformer block contains a DSCA block, a multi-scale window
fusion module from [209], and a standard MLP layer [84]. Following [73, 191], we apply
Layer Normalization [191] before feeding the inputs into the DSCA and MLP modules. We
show the detailed specifications of SCORPION architecture in Table A.1. While the code for
SCORPION remains proprietary, these specifications are designed to be comprehensive enough
to assist researchers in understanding and potentially replicating the SCORPION architecture.
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Table A.1: Detailed architectural specifications for SCORPION.

Component Output size SCORPION framework

PointPillar Encoder N × 176× 48× 256

[Voxel resolution 0.4m, Scatter, 64]
[Conv3x3, 64, stride 2, BN, ReLU] ×3
[Conv3x3, 128, stride 2, BN, ReLU] ×5
[Conv3x3, 256, stride 2, BN, ReLU] ×8

[ConvT3x3, 128, stride 1, BN, ReLU] ×1
[ConvT3x3, 128, stride 2, BN, ReLU] ×1
[ConvT3x3, 128, stride 4, BN, ReLU] ×1

[Concat3, 384]
[Conv3x3, 256, stride 2, ReLU] ×1
[Conv3x3, 256, stride 1, ReLU] ×1

L-BEV-R module N × 176× 48× 256

[PatchEmbed, 4× 4× 256, 768] ×1
[Transformer Block [35], dim 768, head 16] ×12

[Linear, 768, 512] ×1
[Transformer Block [35], dim 512, head 16] ×8

[Linear, 512, 4× 4× 256] ×1
TA module N × 176× 48× 256 [Affine grid, dim 176× 48] ×1

Transformer Backbone N × 176× 48× 256
[DSCA dim 256, head 8] ×3

[MSwin [209], dim 256, head {16, 8, 4}]×3
[MLP, dim 256] ×3

Detection Head 176× 48× 16 Cls. head: [Conv1x1, 2, stride 1]
Regr. head: [Conv1x1, 1, stride 1]

A.3 More Experimental Results

A.3.1 Various Realistic V2X Network Loss Rate

The performance of the V2X network is sensitive to many factors, including road topology,
traffic complexity, etc.. Leveraging data from a comprehensive V2X network loss measure-
ment study [52], we conducted experiments to evaluate the impact of realistic packet loss
rates in diverse road settings. Each setting presents a common driving setting affecting
communication reliability between vehicles:

1. Urban Freeway (UF): Measured at an eight-lane freeway that features numerous
walls, tunnels, and overhead bridges, and experiences heavy vehicle traffic. The average
packet drop rate is 26% on a 100-meter separation distance between vehicles, a typical
distance threshold for collaborative perception communication [210, 143].

2. Rural Freeway (RF): Measured at a six-lane freeway bordered by open lands, with
buildings and trees set back from the guardrail. It features fewer walls, tunnels, and
vehicle traffic compared to the Urban Freeway (UF). The average packet loss rate is
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(a) V2X-ViT (b) CoBEVT (c) CoAlign

Figure A.2: Additional Visualization results on the V2XSet dataset under localization error,
synchronization error, and network loss altogether. The green and red boxes are ground
truth and prediction outputs, respectively.

20%.

3. Rural Road (RR): Measured at a two-lane street, with one lane in each direction.
It is characterized by scattered trees, houses, and hills in the surrounding area. The
average packet drop rate is 32%.

4. Suburban Road (SR): This environment consists of 6-lane suburban streets with
widths ranging from 30 to 50 meters. Light traffic is typically present in this area. The
average packet loss rate is 15%.

5. Open Field (OF): This setting features a road area with no buildings and very light
traffic. The average packet loss rate is 12%.

Table 5.3 demonstrates the AP0.5 and AP0.7 metric of SCORPION over the above five
scenarios on the V2XSet dataset: UF, RF, RR, SR, OF. We select 4 SOTA baseline methods
for comparison: CoAlign [143], V2X-ViT [209] and SCOPE [216].

Our model demonstrates robust performance across all scenarios, reflecting its superior
handling of different network loss rates. It consistently outperforms the second-best method,
improving the Average Precision (AP) at 0.5 and 0.7 IoU thresholds. The improvements
range from 3.1 to 6.0 in AP0.5 and from 2.4 to 5.5 in AP0.7, measured in absolute percentage
points. This indicates not only the effectiveness of SCORPION in maintaining high accuracy
under variable network conditions but also its practical applicability in diverse real-world
environments.

121



Table A.2: Effect of feature fusion strategy in DSCA (AP0.5/0.7).

DSCA Fusion Method V2XSet OPV2V DAIR-V2X
Max. Fusion 88.32/77.88 93.10/85.10 74.65/56.76
Avg. Fusion 88.25/76.02 91.57/82.52 72.68/54.31

A.3.2 Impact of Feature Fusion Strategy in DSCA

In the DSCA module of SCORPION, we choose to use a simple max-fusion to aggregate the
attention map after performing the deformable attention between the ego agent and every
other collaborator agent. We compare our empirical selection of max-fusion with another
widely used feature fusion method, average fusion.

The comparative results, as presented in Table A.2, demonstrate that max-fusion consis-
tently outperforms average fusion in terms of AP at both 0.5 and 0.7 thresholds. Specifi-
cally, max-fusion enables the model to capture and prioritize critical features by selecting the
largest values across the feature interactions at each spatial location. In contrast, average
fusion may dilute these critical values, potentially attenuating important perceptual signals.

Therefore, utilizing max-fusion within our DSCA module has proven to be an effective
strategy for enhancing perception performance. While this simple approach already yields
substantial benefits, the exploration of more sophisticated feature fusion strategies to further
elevate performance remains an area for future research, as suggested by recent studies [225,
216].

The results in Table A.2 suggest that using max-fusion is more effective in producing bet-
ter perception AP performance than average feature fusion. We attribute this phenomenon
to the reason that using element-wise max fusion provides the ability to capture critical
perception by selecting the large feature values across the interaction between the ego agent
and collaborator agent pair on each spatial location (where average may attenuate such ef-
fects). Therefore, we find that applying a simple max fusion in our DSCA module is already
effective for producing good perception performance. Integration with more complex feature
fusion strategy to further boost the perception performance [225] is left as future work.

A.3.3 Qualitative Results

Visualization of Detection Results. In this part, we show more qualitative visualizations
of the detection results of SCORPION compared to baseline methods. Figure A.2 demonstrates
more detection visualizations of CoBEVT, V2X-ViT, CoAlign, and SCORPION under chal-
lenging setting with 1.3 m of localization error, 100 ms of asynchrony latency, and 35% of

122



network loss (same as Sec. 4.3 in the paper). Overall, SCORPION consistently demonstrates
superior robustness, characterized by fewer regression displacements and a reduced number
of undetected objects, thereby highlighting its effectiveness in challenging environments.
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APPENDIX B

Supplementary Material for GraphMap

B.1 Motivation for Sparse Graph Fusion on Global Map
Construction

Local HD map performance. Fig. B.1 illustrates examples of local HD map prediction
from vehicle and infrastructure views. The local vectorized HD map construction quality
is quite accurate using the STOA approach, MapTRv2 [134]. However, the issue arises in
producing a consistent and accurate global map by directly adapting the models to larger
ranges (Tab. B.1 and Tab. B.2).
Applying local map models to larger ranges. However, if we retrain the local HD map
model to fit to larger range for global map detection, its performance degrades significantly
with the increasing perception range, as verified by previous local online HD map work [221,
196]. The mAP accuracy drops over 60% (30%) if we increase the perception range for the
vehicle (infra) agent from 30×30 m to 120×60 m (75×50 m to 150×80 m). Such a drastic
drop in accuracy motivates us to move from single-vehicle and dense, ego-centric methods
to a sparse fusion method.
Why does GraphMap choose to upload vectorized map observations? As discussed
in §6.1, approaches based on dense BEV tensors suffer from high computational [132] and
communication overhead [210], particularly when scaled for global map construction. This is
due to the high dimensionality and redundancy inherent in dense feature maps. In contrast,
vectorized map elements offer a much more compact representation. For instance, a single
frame of local vectorized observation in GraphMap is only 7.2 KB in size, translating to a

Table B.1: Performance of local vectorized
HD map prediction.

Range Method Agent/Method APped APdiv mAP
30 × 30 m MapTRv2 Vehicle-local 0.745 0.909 0.827
75 × 50 m MapTRv2 Infra-local 0.772 0.785 0.778

Table B.2: Performance on local HD map pre-
diction on larger area.

Range Method Agent/Method APped APdiv mAP
120 × 60 m MapTRv2 Vehicle-local 0.182 0.103 0.143
150 × 80 m MapTRv2 Infra-local 0.399 0.482 0.440
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Ground Truth (local) Prediction (local)

(a) Infrastructure

Pedestrian crossingLane divider

(b) vehicle 1 (c) vehicle 2

Ground Truth (local) Prediction (local) Ground Truth (local) Prediction (local)

Figure B.1: Visualization of local vectorized HD map construction using infrastructure and
vehicle sensors.

bandwidth requirement of just 1.73 Mbps at 30 FPS or 0.58 Mbps at 10 FPS (Tab. 6.4).
This lightweight property makes vectorized maps especially suitable for scalable, bandwidth-
efficient crowdsourced global HD mapping.

B.2 Background on Multi-Armed Bandit Algorithm

The Multi-Armed Bandit (MAB) problem, a classic sequential decision-making challenge,
involves strategically allocating limited resources among choices (arms) with initially un-
known reward probabilities, aiming to maximize cumulative gain over time [169]. The core
task is to devise an arm selection strategy that optimally balances learning these unknown
reward distributions with the goal of accumulating the highest possible rewards. The MAB
problem addresses the fundamental exploration-exploitation trade-off. Exploitation means
choosing the arm currently believed to be best based on past outcomes to maximize imme-
diate rewards. Exploration, conversely, involves sampling less certain arms to gather more
information, discovering superior long-term options even if it means foregoing some imme-
diate gains. Successful MAB strategies effectively balance these conflicting objectives, often
aiming to minimize regret—the performance difference between the chosen strategy and an
optimal one with full knowledge.

Numerous algorithms navigate this trade-off. The foundational ϵ-greedy algorithm, for
instance, predominantly exploits the best-known arm but explores a random arm with a small
probability ϵ [185]. The MAB framework and its variants have found wide application in
diverse fields, including clinical trials, A/B testing in web design, recommendation systems,
financial portfolio optimization, and dynamic resource allocation in communication networks,
underscoring its versatility in modeling sequential decision problems under uncertainty [55,
121]. In GraphMap, we extend ϵ-greedy MAB to a feedback-delayed, double-ended setting
tailored for decentralized, multi-agent HD map construction—partitioning reward estimation
between agent-side and cloud-side in a way that enables asynchronous, resource-aware upload
decisions across heterogeneous sensing agents.
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B.3 Details of DAIR-V2X-Change Benchmark Statistics

The DAIR-V2X-Change benchmark creation involves two types of modifications to reflect
realistic reconfigurations such as those caused by construction or road repaintings. To sim-
ulate element removals, we randomly select and remove 5 to 10 lane dividers and 2 to 3
pedestrian crossings from the ground-truth map of a given scene. For element additions, we
first build a library of realistic lane dividers and pedestrian crossing shapes by sampling them
from the original dataset. These predefined elements are then randomly patched onto differ-
ent map locations, typically near existing map elements to ensure plausible placement, with
variations in rotation and positional offset applied to increase diversity. The system is then
expected to detect these changes—either omissions or additions—by comparing unaltered
sensor data to the now-altered prior map and updating its understanding accordingly.

On average, each map in the benchmark is modified with 8 lane dividers and 2.5 pedestrian
crossing changes. The benchmark spans 6 distinct intersection areas and includes 60 maps
with element additions and 60 maps with removals, resulting in a total of 120 manually
altered maps for a comprehensive evaluation of the system’s change detection and map
maintenance capabilities.

B.4 Details on Baseline Approaches

In this section, we elaborate on more details of the baseline methods used in our evaluation.
These baselines serve as key reference points for understanding the performance gains and
advantages introduced by our approach.
• PolyMerge [172]: This represents a state-of-the-art rule-based mechanism for merging

vectorized polylines. Its approach, based on spatial proximity and geometric heuristics, is a
common and intuitive strategy for direct vector map fusion. It has been used as a compar-
ative method in recent works [234]. Due to the lack of open-source code, we reimplement
PolyMerge following the methodology detailed in the original paper.
• Fréchet Distance Clustering (FDC) [54]: As a strong representative of trajectory

similarity-based clustering approaches, FDC is employed to merge polylines and polygons
that exhibit high geometric similarity. It is a robust technique for grouping and consolidating
similar map elements based on their intrinsic shapes, often considered a more sophisticated
alternative to simple proximity. These metrics are frequently benchmarked in trajectory
analysis [89, 64].
• Heatmap Buffer Merge (HBM) [74]: This baseline embodies a common alternative

fusion paradigm that involves an intermediate raster representation. It rasterizes vectorized
predictions into heatmaps, applies a buffer to the polylines within this dense representation
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Figure B.2: Agent trajectories on the other five different road configurations (Map 08-16).

to facilitate the merging of nearby elements, and then converts the result back to vector
format [74]. Raster-based fusion followed by vectorization is a technique explored in various
mapping works [59, 176].

B.5 Additional Qualitative Visualizations

Visualization of Agent Trajectories From The DAIR-V2X Dataset. To better
understand agents’ sensing coverage and sensing perspectives in our experiments, we visualize
the trajectories of all agents in the DAIR-V2X dataset. Fig. B.2 visualizes agent trajectories
across five DAIR-V2X maps, with each dot colored by frame index. These trajectories
highlight the spatial distribution of vehicle and infrastructure observations that collectively
contribute to global map fusion. While the current datasets span areas on the order of
tens of hectares (a subset of the area in a city-level map), GraphMap is designed to support
much broader, city-scale map buildings. Our graph-based sparse fusion design and selective
sensing policies inherently scale with the number of agents and spatial extent. Once full-
scale, city-wide traces become available, we believe that applying GraphMap to them will
further validate its ability to construct, maintain, and update global HD maps at scale.
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