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Enhancing Perception Systems using Vehicle-To-Vehicle Enabled Sen-

sor Fusion

Ansh S. Gwash

(ABSTRACT)

With the surge in popularity of autonomous vehicles that depend on complex perception
systems to make safety critical judgments, it is necessary to test and improve them. One
of the ways this can be done is through vehicle-to-vehicle communication. This concept has
been around for decades but was first standardized in 2010. Since then, there have been
many hurdles in the path to applying this technology. Security, reliability, latency, and cost
are the main reasons for the slow growth in this space. Another main problem is the lack
of compelling applications that make overcoming these limitations worthwhile for industry.
Autonomous Vehicles rely on a number of sensor types, with the most common ones being
Cameras, Radars, and LiIDAR. The detections from these three sensors are fused into a track
list that can be used to plan and control the vehicles movements. This thesis proposes a
system to introduce data from Vehicle-to-Vehicle messages into this fused track list. This
extra information can be beneficial in cases when the onboard sensors are occluded or have
low visibility. City and highway driving scenarios and Software-in-the-Loop testing is used

to evaluate the proposed fused track list.



Enhancing Perception Systems using Vehicle-To-Vehicle Enabled Sen-

sor Fusion

Ansh S. Gwash

(GENERAL AUDIENCE ABSTRACT)

As cars become more automated they rely more on sensors to perceive the environment
around them. Vehicles with automated features today use a combination of cameras, radars,
and LiDAR to do this. Each of these sensor types has it’s own strengths and weaknesses.
However, just like a human driver these sensors can’t see everything. Bad weather, parked
cars, and large vehicle can block their view, which makes it hard to detect objects in time.
This thesis explores a solution to that problem using Vehicle-to-Vehicle (V2V) communica-
tion. V2V allows cars to wirelessly share location and speed information with each other.
This project tested how adding V2V information to a car’s regular sensor system could
improve its awareness and safety. Using simulations of realistic city and highway driving
scenarios, the study compared three approaches: using only the car’s own sensors, using only
shared data from other cars, and combining both. The results showed that combining the
two made the car better at spotting hidden or distant hazards than sensors alone. Interest-
ingly, in many cases, V2V alone performed even better—highlighting its powerful potential
in improving safety on the road. By showing how connected cars can help each other see
better, this work supports the idea of cooperative driving and safer autonomous vehicles in

the future.
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Chapter 1

Introduction

1.1 Motivations

The automotive industry has seen a rapid increase in Advanced Driver Assistance Systems
(ADAS) features such as Adaptive Cruise Control (ACC) and Lane Centering Control (LCC).
There is also a significant push from the industry to get more autonomous vehicles on the
road due to the pursuit of improved safety, convenience, and new mobility-as-a-service busi-
ness strategies. In an annual survey by the McKinsey Center for Future Mobility it was
found that around 50% of consumers are willing to pay up to $9,999 for autonomous driving
features [3]. These safety features and technologies are only possible through Software De-
fined Vehicles (SDV). SDVs are vehicles in which software plays a central role in controlling
its functionality. This is different from traditional vehicles that are based only on hard-
ware systems. Designing vehicles that are primarily controlled by software can have many
benefits such as continuous over-the-air updates, modularity and customization, and most
importantly autonomy features. These improvements make SDVs a compelling way forward

for the automotive industry.

The autonomy features that are enabled with SDVs can become confusing due to the different
names that automakers use. For example, Tesla’s Autopilot, General Motors’ SuperCruise,
and Ford’s BlueCruise don’t give much information about the extent of their abilities. To

combat this, SAE has standardized the levels of driving automation with SAE J3016 [4].

1
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Figure 1.1 shows the five levels of automation, with 0-2 being driver support features and
3-5 being automated driving features. Drawing this line is important, as it helps identify

what level of human engagement is required.

ﬁ SAE J3016™LEVELS OF DRIVING AUTOMATION

SE SE SE SE SE
LEVELO J LEVEL1 J LEVEL2 J LEVEL3 LEVEL 5

You are driving whenever these driver support features You are not driving when these automated driving
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What does the you are not steering “the driver’s seat”
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When the feature These automated driving features
requests, will not require you to take
over driving

You must constantly supervise these support features;
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havetocor you must steer, brake or accelerate as needed to

maintain safety
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LTI conditions

+lane departure installed

warning
For a more complete description, please download a free copy of SAE J3016: https://www.sae.ora/standards/content/13016_201806/

Figure 1.1: SAE J3016

Companies like Waymo have already implemented Level 4 automation through their driver-
less taxis in select cities in the US. Other OEMs are also continuously developing and im-
proving the automation offered on their vehicles. These features, which can improve safety,
efficiency, and driver comfort, rely on a number of sensors to work. The most commonly used
sensors are cameras, LiDAR, and RADAR. Different autonomy architectures use different
combinations of these sensors to make up their perception suite. Tesla’s Full Self-Driving
(Level 2) uses an array of 8 cameras as shown in Figure 1.2. Waymo, on the other hand, uses

all three types as shown in Figure 1.3. The main reason why Waymo uses a suite of LiDARs,
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Figure 1.2: 8 cameras on Tesla Model Y [2]

RADARs, and cameras is that each of these sensors complement each other’s weaknesses
with their strengths, and vice versa. While the optimal combination of sensor types and
placements can be debated, the fundamental purpose of the sensor suite remains the same:
to provide the SDV with as much useful information as possible about its surroundings.
This way, the vehicle can make better informed decisions about it’s motion planning and
controls. The richer the vehicle’s perception of the environment, the better the decisions it

takes while navigating it.

Jaguar |-PACE

-~
%

® Lidar ® Cameras @ Radar

Figure 1.3: All sensor types on Waymo’s Self Driving Taxi [1]

However, all of these sensors have one major downside that is often overlooked: point of

view. Cameras, LIDAR, and radar can only perceive objects in their physical field of view,
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Timestep: 0 Timestep: 1

R

Figure 1.4: Vehicle changing lanes is occluded by other cars creating a hazard [6]

. Detected by

perception system

. Not detected by
perception system

which makes them easily susceptible to occlusions from vehicles, infrastructure, or weather.
Figure 1.4 shows a vehicle abruptly merging into the ego vehicle’s lane. However, because
the hazard is blocked by the lead vehicle, the ego vehicle is unable to proactively break and
prevent a collision. If the goal of autonomy is to advance vehicle safety to the point that
it is better than a human driver, vehicles should be able to see beyond what a human can.
Moreover, for a vehicle to exceed the situational awareness of a human driver, it must first
perceive the environment around and then also predict events beyond it’s range of physical
perception. This is where vehicle connectivity and Vehicle-To-Everything (V2X) technology
becomes critical. V2X encompasses three types of connectivity: Vehicle-to-Vehicle (V2V),
Vehicle-to-Infrastructure (V2I) and Vehicle-to-Pedestrian (V2P). Some information that can
be shared between these nodes (Vehicle, Infrastructure, Pedestrian) includes: Speed, Loca-
tion, Heading, Brake status, Traffic SPaT (Signal Phase and Timing), Traffic status, Lane

locations and rules.

Although the concept of V2X technology has been around since the early 1980s, it was

first standardized in 2003 in the IEEE 802.11p standard tailored for vehicular environments.
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Since then, there have been a number of attempts to make applications of the technology
compelling enough to implement in industry. Soto et al. break down these applications
into three categories: road safety, traffic efficiency and other. Road safety applications help
to protect vehicles, their occupants, and other road users [11]. Traffic efficiency applica-
tions aim to improve energy efficiency of vehicles. The other category contains applications
for convenience or entertainment. Some examples of V2X applications being integrated in
the real world by automakers are: Toyota’s DSRC-based V2V system in Japan, Audi V2I

Connected Vehicle Project, and GM’s V2V which was offered on Cadillac CTS sedan.

Toyota’s implementation in Figure 1.2 shows the gauge cluster graphic that would be dis-
played when a V2X enabled vehicle is turning right at an intersection with a pedestrian

crossing.

CAUTION WHEN O
TURNING RIGHT g
— |-,
. | fl

5 NS,
7T

Figure 1.5: Toyota Vehicle-to-Infrastructure Application [5]

So far, V2X technology and applications have faced several challenges that have slowed
its adoption in industry. One of the main factors being the uncertainty with regulations
regarding spectrum use. Since 2018, several changes to spectrum allocation have been made
in the United States. Due to the lack of compelling features and uncertainty in regulations,
automakers haven’t been inclined to fit their vehicles with the expensive hardware required

to make V2X possible.

However, the potential of V2X remains significant, and recent advancements in communica-
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tion technologies have renewed interest in its adoption. The introduction of Cellular-V2X
(C-V2X) as an alternative to Dedicated Short Range Communications (DSRC) has provided
a more scalable and efficient solution for vehicle communication. C-V2X, which operates on
LTE and 5G networks offers a number of advantages. One of these is that C-V2X has lower
latency and higher reliability in its direct communication mode (PC5). Another advantage
is broader coverage up to 1050 meters, which is larger than the typical DSRC range of 625
meters. The transition to C-V2X has been supported by major industry players including

Qualcomm, Ford, and the 5G Automotive Association (5GAA).

1.2 Problem Statement

As discussed in the section above, range and field of view remain to be the biggest problems
for any local sensors which include on-board cameras, radar, and LiDAR. This thesis aims to
propose a new type of sensor fusion strategy that blends camera and radar tracks with V2X
tracks to enhance the overall perception of the vehicle, especially in compromised scenarios.
This method will allow us to offset the challenges that come with onboard sensors by pooling
the sensors in multiple vehicles. Using this strategy, we can increase the performance of
perception systems for autonomous vehicles, leading to better safety. In this thesis, we will
use Software-in-the-Loop simulations to assess the increase in performance between standard
camera and radar vehicle tracks and V2X enabled vehicle tracks in a number of driving
scenarios. These scenarios will focus on neglected edge cases where standard camera and

radar tracks typically fail to detect and track objects.
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1.3 Thesis Structure

This thesis is broken up into five key chapters:

Chapter 2 contains a comprehensive review of existing research on Vehicle-to-Everything
communications and applications. It discusses the current research applications and ex-
plores relevant limitations of the technology.

Chapter 3 contains the methodology. This chapter outlines the simulation-based methodol-
ogy that was designed to evaluate the proposed fused V2X tracks. The research specifically
focuses on enhancing vehicle perception. This is done by integrating V2X Basic Safety Mes-
sages with conventional ADAS sensors. The choice to use software-in-the-loop (SiL) testing
was made due to its efficiency in rapid prototyping, low cost, and safety when compared
to hardware or vehicle testing. SiL is essential for research, however, it does have inherent
limitations with accuracy and latency. While the impact of these limitations can be reduced
through careful modeling of the real-world, it can’t be mitigated completely.

Chapter 4 contains the results and discussion. This chapter explores the trends in GOSPA
values as well as individual components such as localization errors, missed target errors, false
track errors, and switching errors.

Chapter 5 contains the conclusions. In this chapter, we will emphasize the problem state-
ment, hypothesis, software design, and overall results. We will also state the challenges and

learning from the project.



Chapter 2

Review of Literature

Most V2X research related to perception comes under the broad term of cooperative per-
ception (CP). CP is the use of V2X communications to enhance the sensing abilities for
automated vehicles. At the core of this is sensor fusion, which is the process of combining
information from multiple kinds of sensors. This is done because each type of sensor has
unique strengths and weaknesses. A camera can detect objects but it can’t accurately mea-
sure the distance to another vehicle. A radar or lidar can accurately do this, but aren’t able
to easily detect objects. The goal of sensor fusion is to combine the information from each

sensor modality to minimize their inherent weaknesses and maximize their strengths.

Sensor fusion strategies can be categorized by when the sensor information gets combined:
early, intermediate, or late. In early fusion, vehicles transmit unprocessed sensor data to
each other. In theory, this would provide the highest accuracy, however, it is impractical
with the current bandwidth constraints [14]. In intermediate fusion, vehicles share processed
features or maps. This can be practically achieved and is most common in literature. Late
fusion includes vehicles sharing high level outputs from perception, which are typically object
or track lists. Late fusion has many benefits as it includes the least amount of data. In a
paper on enhancing lane detection using collaborative late fusion, Jahn et al. found that
"late fusion approaches are better suited for realistic and scalable collaborative perception
solutions” [8]. Another major benefit is that it is agnostic to the type of perception system

a vehicle uses. Early and intermediate stage fusion needs to be more specific which narrows



the number of vehicles that would be compatible. However, the proposed method in this

paper can scale to any number of vehicles regardless of the type of sensor suite used.

Shan et al. present a framework to fuse local and V2X perception data [10]. Their system uses
the European standard ETSI Cooperative Perception Message which consists of perceived
objects containers, each with their type, position, speed, heading, and dimensions. The
perceived object information is in the coordinate system of the sender so it needs to be
transformed before it is useful. They also validate the performance of the fused tracks
using numerical and CARLA simulations, which makes it relevant to our research. One key
limitation from this paper is that they use LiDAR and camera as the baseline perception

system. Our proposed system will use the more mass market radar and camera configuration.

Cui et al. indicate that cooperative perception enhances the range of detections beyond the
limitations of standalone sensors [7]. This significantly reduces blind spots from occlusions
like parked vehicles, buildings, or larger vehicles. Zhang et al. further emphasize the reduc-
tion of blind spots, especially in inclement weather, or when visibility is compromised [16].
In practice, Mo et al. showed that connected vehicles detection information from V2X Road
Side Units (RSUs) successfully detected pedestrians and vehicles hidden behind structural

occlusions. These studies have proven the potential that V2X has in increasing safety [9].

Despite the obvious advantages, integrating V2X information with onboard sensor data
presents unique problems that need to be solved for the technology to be compelling enough
(for businesses and consumers) to implement at scale. Latency and synchronization are
the two main problems, as shown by Zhang et al., who report delays from 50-200 ms in
C-V2X message delivery. These delays can result in spatio temporal misalignment between
the onboard sensors data and external V2X inputs. This can result in inaccuracies in fused
tracks. Another major limitation is the high bandwidth required to transmit perception

information. This has sparked innovations in optimizing data sharing strategies to fit within
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the V2X channels [7]. This is the research gap this thesis aims to explore. By using smart
late fusion and minimal V2X information through BSMs, it is possible to create a system

that provides a significant boost in perception within the constraints of the technology.

Another concern for V2X communications is latency. Traditional predictive approaches to
reduce latency use kinematic motion models (constant velocity or acceleration) to project
delayed V2X object positions forward. This allows the detections to be synchronized with
real-time sensor data [12]. There have also been some ML techniques, such as FFNet [15]
proposed by Yu et al.. These can predict future states from delayed feature data. A major
way of improving tracking robustness comes by using validation by multiple sources before
assigning priority to tracks. Systems such as those described by Mo et al. maintain high-

priority tracks even during temporary occlusions [9].

Simulation-based validation is a popular method of testing V2X systems. Simulation allows
researchers to test strategies in a safer controlled environment. CARLA is commonly used
along with datasets like DAIR-V2X and OPV2V. These provided realistic test environments
to develop and refine fusion algorithms. Xu et a. compare traditional single-vehicle to co-
operative perception in simulated urban scenarios. Their results show a major improvement
in safety when using cooperative perception [13]. Furthermore, hardware-in-the-loop testing
using Cohda Wireless units confirm the real-world feasibility. Mo et al. shows a latency of

approximately 120 ms in real-world V2I perceptions experiments.

Track consistency, measured by Generalized Optimal Subpattern Assignment (GOSPA) met-
rics, also improved substantially. This showed fewer object tracking errors and improved
continuity through prolonged occlusions (Mo et al., Zhang et al). Additionally, V2X fusion
reduced false positives by cross-validating sensor detections. This results in redundancy,

enhancing the safety and robustness of perception systems.
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In conclusion, recent academic advancements demonstrate that integrating V2X data into
traditional camera and radar sensor fusion significantly enhances autonomous vehicle per-
ception, particularly in occlusion and low-visibility scenarios. While substantial performance
improvements have been achieved in simulations and controlled real-world experiments, prac-
tical implementation remains challenged by real-time processing limitations, communication
reliability, and security risks. Addressing these issues will be critical in enabling widespread
industry adoption and ensuring robust, safe autonomous vehicle operations. Late stage

sensor fusion is also chosen for its simplicity and ability to scale in the future.



Chapter 3

Methodology

3.1 Motivation for Cooperative Perception

A self-driving stack is only as effective as the information it receives through its sensors.
However, conventional ADAS sensors like cameras and radar face limitations in occlusion,
adverse weather, and range. Even LiDARs sensors, which are gaining traction in autonomous
vehicles only have an effective range of about 80 meters. Beyond this range, the resolution
of the point cloud (i.e. sensor data) decreases drastically. Thus, it is crucial that we use
networking and information sharing between vehicles and infrastructure to expand perception
range and covering occluded areas. Cooperative perception aims to address the fundamental
limitations of traditional ADAS sensors by leveraging data shared across connected vehicles.
This enables an ego vehicle to receive information about objects beyond its direct line of sight,

thereby improving situational awareness and decision-making under challenging conditions.

Occlusion is a primary motivator for cooperative perception. Vehicles can share what they see
to alert others of hidden obstacles. For example, a car ahead might transmit the position of
a pedestrian occluded from the following car’s view, preventing a possible collision. Adverse
weather is another case where vehicles equipped with different sensors can complement each
other (one car’s radar can penetrate fog and inform another car whose camera is impaired).
Likewise, in sparse sensing situations (e.g. a vehicle with a sensor outage), data from nearby

vehicles can provide redundancy. Overall, cooperative perception addresses the “field-of-

12
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view” and “line-of-sight” limitations of single vehicles, creating a more robust collective
sensing network. This is increasingly recognized as a path to safer autonomous driving —
for instance, Euro NCAP’s 2025 roadmaps consider V2X-based safety features as essential
for top safety ratings []. It is also important to note that to see benefits from V2V fused
tracks, you don’t even need to be in an automated driving mode. Figure 1.5 shows Toyota’s

implementation of V2X, where the extra information is presented to the driver.

Vision

Detection Object
PIACOS  Geherator Detections » 1)
[Sensor Index: 3] Vision
Detections
Vision Detection Generator
1 e
Actors
I%ri\aing
adar  cjystered
P Actors Geﬁgﬁgtor detections »(2)
[Sensor Index: 2] Radar
Detections

Driving Radar Data Generator1

Figure 3.1: Sensor models in Simulink

3.2 Simulation Environment

Simulink is widely used in the automotive industry for prototyping and simulating complex
systems. Its library of blocks allows for systems to rapidly be built and tested without the
need of tinkering. This is why it was chosen as the primary tool. Scenario reader, coordinate

transform, transmit and receive block were all developed in Simulink.

Another tool that was used was MATLAB’s Driving Scenario Designer (DSD). This is a
tool that can be used to create complex scenarios with multiple actors on custom roads.

MATLAB DSD was selected for its ability to generate diverse traffic scenarios, including
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complex urban intersections, highway merges, and challenging visibility conditions. Driving
Scenario Designer also lets us import custom roads from open source maps, as well as export
scenarios to OpenSCENARIO and OpenDRIVE formats, which are both widely used in the

automotive industry ensuring that this work will remain relevant.

V2V communication was modeled using the V2V Transmitted and V2V Receiver subsystems
based on Mathworks” HelperV2VTrasnmitter and HelperV2VReceiver objects. The V2V

Transmitter is responsible for:

1. Reading actor information from the scenario.

2. Converting Cartestian coordinates to geographic coordinates using the scene origin.
3. Applying noise via an INS/GNSS error model.

4. Formatting the data into Basic Safety Messages (BSMs).

5. Delivering the BSMs to a FIFO entity queue using Simulink messages.

Each BSM contains fields such as GPS position, heading, speed, acceleration, steering angle,
and brake status. Only the position and velocity fields are needed to create a fused tracks

list.

The V2V Receiver processing messages by:

1. Taking the scene origin, ego pose, and precomputed channel characteristics as inputs.
2. Computing relative distance and estimating throughput using a mask parameter.
3. Comparing throughput to a random threshold to determine successful reception.

4. Outputting the received BSM as a structured Simulink bus signal.
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These BSMs are parsed and transformed into the same detection format as the camera and
radar signals. This is done so they can be concatenated with detections from the radar and

calera sSensors.

3.3 Sensor Modeling

The sensor setup being used will model what most cars with ADAS use today. This means
a long-range radar and camera. the The radar provides long-range detection capabilities,
however, it struggles with resolution. Cameras offer high-resolution images which are essen-
tial for object recognition but can suffer in inclement weather conditions. The field of sensor
fusion is vast and its sole aim is to combine the strengths from different types of sensors

while reducing their weaknesses.

120 -

0+

20

I
60 40 20 0
@ Y (m)

Figure 3.2: Camera (blue) and RADAR (orange) field of view

The ego vehicle’s sensors were modeled using Mathworks’ Automated Driving Toolbox. The
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ego is equipped with a forward-looking camera and radar, corresponding to a typical Level-2
ADAS sensor suite. In Simulink, we use the Vision Detection Generator block (backed by
the visionDetectionGenerator System object) for the camera, and the Driving Radar Data
Generator block (backed by radarDetectionGenerator) for the radar. These blocks generate
synthetic detections of other actors in the scenario, accounting for each sensor’s field of
view, range, and resolution limits. By default, the detection generator objects produce
measurements with random noise and can simulate false alarms and missed detections via
a built-in statistical model. We enable the “Add noise to measurements” option for the
radar and ensure the camera’s HasNoise property is true, so that every reported object

position/velocity is perturbed by noise covariance appropriate to that sensor.

For the inclement weather scenarios, the magnitude of noise is tuned to represent degraded
visibility: for example, we increase the standard deviation of the vision sensor’s range and
bearing measurements to mimic the effect of fog reducing camera clarity, and we slightly
increase radar measurement noise to reflect reduced radar confidence in heavy rain (though
radar is generally robust to weather). We also reduce the camera’s detection probability
(e.g. from the default 0.9 to a lower value) to simulate that a camera might fail to detect
some objects in dense fog or low-light. The MathWorks documentation suggests that an
ideal camera can be modeled with DetectionProbability = 1 and no noise; conversely, our
non-ideal camera uses a detection probability < 1 to force occasional missed detections, and

HasNoise = true to perturb measurements.

Similarly, the radar model’s false alarm rate can be adjusted to introduce spurious detec-
tions under adverse conditions, reflecting how certain radar returns might be misinterpreted
during heavy clutter (though we keep this moderate to focus on occlusion-induced errors
rather than excessive clutter). All these noise parameters are informed by literature and

documentation: cameras degrade in bad weather or low visibility, whereas radars maintain



3.4. Fusep TRACKS IMPLEMENTATION 17

detection but with reduced discrimination. The sensor models are validated by checking that
in clear conditions the fused system performs near-perfectly (high detection probability, low
measurement error), whereas in our configured low-visibility mode, the sensors individually
show degraded detection performance — for instance, the camera occasionally misses distant
vehicles and reports slightly noisy positions. This form of validation is consistent with prior
simulation studies of V2X and weather effects, which often use increased noise or reduced
detection probabilities to emulate fog or rain. By using the visionDetectionGenerator and
radarDetectionGenerator, we leverage proven sensor models that have been used in Math-
Works examples for camera/radar fusion in fog and rain scenarios (e.g. adding noise to

emulate sensor uncertainty).

3.4 Fused Tracks Implementation

The sensor types used for this project replicates that of most vehicles with SAE Level 24
features: camera and radar. Each of these has its own strengths. Cameras are great at object
detection but perform poorly at longer ranges and inclement weather. Radars perform well
in poor weather and at longer ranges. The traditional camera and radar fusion has been

successful in a vast majority of vehicles due to this reason.

Each kind of sensor comes with its strengths and limitations. Radars have great range but
poor object detections and are noisy. Cameras are good for object detection but perform
poorly in inclement weather. LiDARs can accurately get distances to any point but are
expensive. More granular differences between sensor types were discussed in 1. Sensor
fusion is a broad area that comprises of techniques to utilize the strengths of these sensors
while minimizing their limitations. Fusing information provided by different types of sensors

leads to a safer perception system with built-in redundancies and checks in place to safeguard
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against faulty information. There are many different strategies to fuse sensor data. This

section will be divided into two parts: fusing camera and radar tracks and fusing V2X tracks.

The fusion system is built around a central multi-object tracking filter that ingests detections
from all sources and produces a set of tracked objects (with state estimates and unique IDs).
In Simulink, we implement this using the Multi-Object Tracker block (from the Sensor Fusion
and Tracking Toolbox). The Multi-Object Tracker is configured for a 3D state [x, vx; y, vy]
(assuming a 2D planar motion with position and velocity in the horizontal plane), using a
Constant Velocity Kalman Filter (which is essentially an Extended Kalman Filter since the
measurements include nonlinear elements like angle). The tracker internally performs data
association and track management; by default it uses a Global Nearest Neighbor (GNN)

approach for associating detections to tracks, but we also explore a probabilistic association.

Specifically, we compare GNN with a Joint Probabilistic Data Association (JPDA) tracker
to handle cases where multiple detections (e.g., from radar and V2V) pertain to the same
object. The MathWorks tracking framework makes it straightforward to switch association
algorithms (e.g., by using a trackerJPDA object instead of the default GNN tracker). We
ensure that the tracker treats the V2V detections appropriately: since a V2V BSM essentially
gives the exact position of a remote vehicle, it comes with much lower measurement noise
than camera or radar. We assign a sensor index and measurement noise covariance for the
V2V “virtual sensor” such that the tracker can weigh it heavily. For example, if camera
position uncertainty is 3 m and radar is 1 m, we might set the V2V detection covariance

to 0.5 m to indicate its high precision (this accounts for small GPS error).

The fusion logic must also prevent double-counting an object seen by both sensors and V2V.
For this, correct data association is critical: the tracker uses gating (based on Mahalanobis
distance) to decide if a camera/radar detection and a V2V detection correspond to the same

vehicle. Thanks to the unique IDs in BSM, we could alternatively fuse at the track level by
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matching IDs, but we treat it as an unassociated detection to remain general (in case one
day V2V could also send info about a pedestrian or other object without a direct ID match).
Our architecture diagram can be summarized as follows: Scenario Reader feeds ground-truth
actor poses to sensor simulators (Radar & Camera blocks) and to the V2V transmitter for
each remote vehicle. The ego vehicle’s Sensor Fusion and Tracking subsystem takes three
inputs — radar detections, camera detections, and V2V detections. These are merged into a
common bus and fed into the Multi-Object Tracker block. The tracker outputs a track list
(with fused state estimates for each object). Finally, we connect a visualization (Bird’s Eye
Plot and scope) to monitor the fused tracks versus ground truth for verification. We also

log the track outputs for offline analysis.

Within this fusion system, time alignment of inputs is addressed as follows. The radar and
camera are set to update every simulation timestep (the visionGenerator can be configured
with an update interval equal to scenario sample time, e.g. 0.05 s, and radar similarly), so
their detections arrive synchronously in our simulation. The V2V messages, however, come
at a lower rate and with some latency. We use a Rate Transition block or a buffer to hold
the last received V2V detection so that at each tracker update step, a V2V detection is
available if one was received in the recent past. Essentially, if the tracker runs at 20 Hz and
V2V at 10 Hz, we feed the most recent V2V detection on every tracker step until a new one
arrives. This ensures the tracker doesn’t erroneously treat missing V2V updates as the object
vanishing. We also timestamp each detection (the detection generators provide timestamps,
and we assign one to the BSM-derived detection) so that the tracker can perform out-of-
sequence measurement rejection if needed. In practice, because the Multi-Object Tracker
block processes one step at a time with all available detections at that step, our buffering

aligns detections to the nearest tracker step.

The Constant Velocity Kalman filter (with process noise tuned to allow +2 m/s? acceleration
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variance) is used for highway and intersection motions. To handle potentially abrupt maneu-
vers (e.g., a vehicle braking suddenly out of occlusion), we consider an Interacting Multiple
Model (IMM) tracker that switches between a constant-velocity and a constant-acceleration
model. However, given the focus on perception differences, we keep the motion model uni-
form and instead rely on the V2V data to promptly inform on sudden changes. The track
management parameters (confirmation and deletion thresholds) are set identically for both
systems (radar4camera only vs. cooperative) to ensure a fair comparison. For instance, a
track is confirmed if it is seen in at least 2 out of 3 consecutive frames, and deleted after 5
misses. These values are in line with typical fusion pipelines and ensure that false alarms

are pruned while real objects are retained with minimal lag.

We anticipate that with V2V augmentation, track confirmation may happen faster (since an
occluded vehicle that radar/camera barely see might still get confirmed due to V2V), and
track deletion might be delayed (the tracker can coast through a few missed detections if
V2V data filled in intermittently). To avoid track duplication (where V2V and radar each
spawn a track for the same object), we rely on the tracker’s logic to merge them. We verified
in a pilot simulation that the tracker successfully merges V2V and radar observations of
the same vehicle into one track when the gating threshold is properly set. In ambiguous
cases (e.g., two vehicles very close and one BSM coming in), a JPDA tracker helps assign
the detections correctly to tracks by considering combined probabilities rather than a hard

nearest-neighbor.

Additionally, if implementing track-to-track fusion (an alternative architecture), one must
avoid “rumor propagation” where two vehicles keep sharing the same track back and forth.
In our detection-level fusion design, this is not an issue: only non-ego vehicles transmit, and
only the ego fuses, so there is no feedback loop of tracks. This design decision (centralized

fusion in the ego) follows best practices to maintain consistency. Overall, our Simulink model
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encapsulates this architecture in a modular way: the Actors and Sensors subsystem gener-

ates raw detections (with noise and occlusion effects), the V2V Communication subsystem

generates additional detections from remote vehicles’ states, and the Fusion and Tracking

subsystem combines everything using a multi-sensor tracker. This modular approach mirrors

frameworks seen in literature (e.g., multi-sensor data fusion for ADAS) and in MathWorks

examples like Sensor Fusion Using Synthetic Radar and Vision Data, extended here with a

V2V input.
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3.5 Driving Scenarios

The use of driving scenarios allows us to test and evaluate the fusion algorithms for V2V
and local tracks. While there are a vast number of driving scenarios, this project curates
a list of scenarios where regular sensor fusion with just camera and radar would perform
especially poorly. Through the literature review and initial tests we can hypothesize that
the performance of perception systems improves significantly with added V2V data. These
scenarios include occlusions, poor weather, and busy highways, where the chances of regular
sensors not perceiving objects is higher. In normal scenarios we make the assumption that
both camera radar and priority tracks will have the same performance. Now, let’s go over
each of the scenarios in more detail. Each of these scenarios will have a number of variations
to make sure we are getting as much data as possible to later evaluate. These scenarios were

created with the help of Mathworks Driving Scenario Designer tool.

In order to narrow down a list of scenarios, we will first look at the Operational Design
Domain that the proposed fused track will be used in. Operational Design Domains or
ODDs are situations where the proposed method would be used. For most autonomous
vehicle features, there are mainly two ODDs: highway and city. We looked at crash data
in each of these domains to create scenarios where V2V could have the most safety impact.

Five scenarios for each ODD are created.

3.5.1 Highway 1 Traffic Pile Up

This scenario models one of the most common type of crashes: rear-end collisions. The ego
vehicle is driving behind a box truck there is a multi-chain braking even down the road.
Due to the height of the truck, the ego vehicle’s camera and radar sensors are completely

occluded. As such, the pile up remains invisible to ego’s sensors until the truck in front slams
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on the breaks. This limits the reaction time. V2V communication allows for the ego vehicle
to track the vehicles way ahead of time, potentially increasing the time it has to react, as

well as the perception system’s performance.
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Figure 3.4: Highway 1 Traffic Pile Up

3.5.2 Highway 2 Median Crossover Hazard

In this scenario, a vehicle traveling in the opposite direction on a divided highway loses
control, crosses the median, and enters the ego vehicle’s travel lanes. Traditional perception
methods are severely challenged due to obstructions like guardrails and median vegetation.

This can result in a delayed detection until the hazard vehicle breaches the median barrier.
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By leveraging V2V connectivity, the hazard vehicle is tracked throughout. The ego vehicle
thus gains early and reliable knowledge of the impending crossover, enabling proactive hazard

tracking and timely evasive action, greatly reducing collision risk.
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Figure 3.5: Highway 2 Median Crossover Hazard

3.5.3 Highway 3 Merge

This scenario shows our ego vehicle attempting to merge onto the highway from an on-ramp
while truck is blocking its view. There is a vehicle behind the truck that isn’t detected by
the camera and radar sensor suite. As the ego vehicle begins merging, it is unaware of the

rapidly closing gap, which results in a high-risk maneuver.
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Figure 3.6: Highway 3 Highway Merge

3.5.4 Highway 4 Hidden Cut-in

In this scenario, the ego vehicle is driving closely behind a truck which obscures a V2V-
connected vehicle traveling in an adjacent lane. The hidden vehicle initiates a sudden lane
change into the ego vehicle’s lane at close range. Local sensor will likely not detect this lane
change and only perceive the lead vehicle slowing down abruptly. However, the integration
of V2V BSM data means that the ego vehicle gets an early indication of the hidden vehi-
cle’s position and velocity, enabling early track initiation and safer, smoother maneuvers to

accommodate the cut-in vehicle.
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Figure 3.7: Highway 4 Hidden Cut-in

3.5.5 Highway 5 Emergency Stop on Curve

In this scenario, the ego vehicle is traveling along a highway curve at about 65 mph. A
disabled vehicle is stopped in the same lane just beyond the curve, putting it outside the ego
sensors’ line-of-sight. Without V2X, the stopped vehicle is detected only once it enters the
field of view at around 15 meters. This results in emergency braking being required. With
V2X, the stopped vehicle’s location is known in advance through BSMs, and the ego vehicle

begins slowing down before it reaches the curve.
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Figure 3.8: Highway 5 Emergency Stop on Curve

3.5.6 City 1 Parked Vehicle Occlusion

In this scenario, the ego vehicle is traveling straight while parked vehicles line the roadside.
There is a pedestrian crossing the street that is hidden due to parked cars and cars waiting
to turn right. It is important to note that in most modern cars AEB (Automatic Emergency
Braking) would be triggered. However, these systems are a last resort and tend to violently
break. With vehicles sharing perception information about the pedestrian, our ego vehicle

can break much sooner.



28

CHAPTER 3. METHODOLOGY

180

170

160

120

110

100

90

60

50 40 30 20 10 0 -10 -20 -30
Y (m) T=0s

Figure 3.9: City 1 Parked Vehicle Occlusion

3.5.7 City 2 Intersection Occlusion

This scenario includes a vehicle trying to make an unprotected left turn at an intersection.

While the ego vehicle approaches the intersection, a car with right of way is occluded by the

lead vehicle. Once the lead vehicle begins turning, the ego vehicle also initiates the left turn.

However, the ego vehicle’s sensor fail to detect the oncoming vehicle which result in a close

call situation.
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3.5.8 City 3 Roundabout

. City 2 Intersection Occlusion

29

This scenario takes place at a single-lane roundabout where the ego vehicle is preparing to

enter. A large SUV in the roundabout occludes a smaller car that’s following closely behind.

The ego vehicle detects the SUV and assumes the space behind it is clear, initiating entry

into the roundabout. The car behind the SUV only appears after the maneuver has been

initiated by the ego vehicle, which forces Automatic Emergency Braking. With V2X, the

car’s presence is known in advance and the ego vehicle can safely wait for an appropriate

gap.
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Figure 3.11: City 3 Roundabout

3.5.9 City 4 Left With Pedestrian

This scenario is designed to test the ego vehicle’s reaction to a sudden braking event in front
of it, essentially mirroring an emergency halt on a highway. The ego vehicle is traveling at 65
mph with a 60-meter headway. The lead vehicle abruptly braking to a stop due to a pile up
ahead. Using only camera and radar, the ego vehicle detects the braking at approximately
35 meters and must rely on emergency braking. With V2x, the lead vehicle broadcasts its
braking intent and deceleration profile, allowing the ego vehicle to initiation braking earlier

and more gradually.
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Figure 3.12: City 4 Left with Pedestrian

3.5.10 City 5 Ego Straight, Vehicle Opposite Takes U-Turn

The ego vehicle proceeds straight through a signalized intersection at moderate speed while
a V2V-connected vehicle traveling in the opposite direction initiates a U-turn. The turning
vehicle begins its maneuver from the far side of the intersection limiting the effectiveness
of onboard sensors. As the U-turn progresses, the turning vehicle enters the ego lane with
limited time for the ego to respond, creating a high-risk conflict. Traditional perception
systems often detect such threats too late due to occlusion and limited field of view, resulting

in abrupt braking or potential collisions. However, with V2V communication, the ego vehicle
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receives real-time BSMs from the turning vehicle, enabling early prediction of its trajectory.
This advanced situational awareness allows the ego system to initiate smoother deceleration

or evasive actions, reducing collision risk and improving intersection safety.
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Figure 3.13: City 5 U-Turn

3.6 Metrics

To rigorously evaluate the perception performance of the baseline versus the V2V-enhanced
system, we employ the Generalized Optimal Subpattern Assignment (GOSPA) metric. GOSPA
is a multi-object tracking performance metric that captures localization errors, missed detec-

tions, false tracks, and track identity switches in a single unified measure. It is well-suited for
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our evaluation because it provides a single scalar score at each time step, while also allowing
breakdown into components, reflecting how well the ego perceives the full set of objects.
In our analysis, we compute the GOSPA metric for each simulation run of each scenario,

comparing the output tracks from the sensor fusion to the ground truth actor states.

We integrate the GOSPA Metric block from the Sensor Fusion and Tracking Toolbox into
our Simulink model. This block accepts the current set of tracks (from the Multi-Object
Tracker) and the ground truth (from the Scenario Reader or from platformPoses of the driv-
ingScenario) and outputs the GOSPA value along with optional components. We configure
the block to output all components: Localization error, Missed target error, False track error,
and the Switching error (which penalizes track ID swaps). By enabling these, we can analyze
not only the total GOSPA score but also why one system might be better — e.g., a system
with V2V might have fewer missed targets (lower missed-target error) at the cost of perhaps
a few more false tracks if it momentarily double-detects a vehicle. The cutoff distance and
order parameters of GOSPA are set to standard values (e.g., cutoff=20 meters, order=2) as
commonly used in literature for automotive tracking. The output of the GOSPA block is

logged for each time step of simulation.

The trackGOSPAMetric usage allows flexibility to compute statistics across time or multiple
runs. For instance, we compute the average GOSPA over the duration of a scenario as
an aggregate performance measure for that run, and we examine the GOSPA time-series
to see how quickly each system detects each object (a delayed detection of an occluded
object will show up as a high missed-target penalty initially, then dropping once the object
is tracked). In addition to GOSPA, other conventional metrics were also considered like
detection recall (percentage of time the object was tracked) and localization RMSE. However,
GOSPA provides an integrated view that is sensitive to both detection and tracking quality.

A lower GOSPA value indicates better performance, as it means fewer misses/false tracks and
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more accurate localization. We expect the radar+camera system to sometimes lose tracks
(e.g., the occluded pedestrian might not be tracked at all, incurring a large missed-target
error), whereas the cooperative system should maintain tracks on more objects, reducing

missed-target error significantly.

We referenced related experiments in the literature: for example, Shan et al. (2022) report
that adding V2X data in a fusion framework improved object tracking consistency and
accuracy, which would manifest as improved multi-object tracking metrics. Similarly, an
IEEE IV study on cooperative perception noted improved detection of vehicles in complex
traffic, aligning with the expectation that the V2V-enabled system yields better perception
scores. Our evaluation captures this by comparing GOSPA results: the cooperative system
should yield lower GOSPA scores overall, particularly in scenarios with heavy occlusion or

noise, demonstrating more robust perception.

In an intersection scenario with an occluded car, the baseline might have a high missed-target
error until the car comes into view, whereas the V2V system, receiving BSMs, would show
near-zero missed-target error (it never lost the car) but might have a small localization error
(depending on GPS noise). By computing the time-averaged GOSPA and the maximum
GOSPA during each encounter, we quantify improvements in both steady-state tracking
and worst-case perception delay. All GOSPA calculations are done with the same param-
eters across systems to ensure fairness. The use of this metric aligns with best practices
in multi-object tracking research, where metrics like OSPA/GOSPA are commonly used to
evaluate and compare tracking performance. This quantitative evaluation is complemented
by qualitative observation via the Bird’s Eye Plot animations to ensure that the numeri-
cal improvements correspond to intuitively better behavior (e.g., seeing that the ego car’s

tracker picks up the hidden vehicle earlier with V2V).
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Results & Discussion

The test bench ran each scenario through three perception pipelines and gathered the lo-
calization error, missed targets, false tracks, and switching errors to calculate the GOSPA
score at each timestamp. In the following sections we will compare the performance of three
perception pipelines — local-only (camera and radar), V2V-only (BSMs), and fused (local
and V2V)

4.1 Overview of trends

Across both city and highway scenarios, the V2V-only pipeline consistently achieved the
lowest overall GOSPA scores, followed by the fused and local pipelines respectively. In
highway scenarios, the fused pipeline demonstrated a 30% improvement over local in average
GOSPA, while in city scenarios, this improvement was 15%. Figure 4.11 shows that the V2V

only GOSPA was significantly lower than the fused GOSPA.

These results reveal a nontrivial insight: while fusion improves perception performance over
onboard sensing alone, it does not outperform the V2V-only pipeline. This is counterintuitive
since fusion is generally expected to leverage the strengths of both data sources. However,
this behavior can be explain by looking at how the multi-object tracker works. The V2V-
only pipeline uses highly accurate noise-free position information that comes straight from an

actor’s ground truth. Although there is minor INS/GNSS error simulated, the measurements

35
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are still very accurate. When these consistent low covariance measurements are sent to the

tracker, it minimizes the localization and missed detection components.

Another trend throughout all the scenarios is the zero localization error with the local-only
(camera and radar) pipeline. In all the simulation logs, localization error for local-only
was exactly zero, while missed detection and false track error were much higher. This
behavior can be explained by the way the GOSPA metric works. The localization error
component is only calculated for detections that have successfully been matched to ground
truth objects. However, in local-only perception the occlusions and poor range lead to
frequent tracker failures. This can happen due to a track not being confirmed or detections
that are mismatched. This gets exacerbated in crowded scenarios. Therefore, the zero values

can be misleading as they mean a failure to track and not that the tracking was precise.

Fusion of V2V data with local sensors improves robustness but results in higher localization
error when compared to just V2V. Across all scenarios, the fused pipeline consistently pro-
duced higher localization error than the V2V-only baseline. This can be explained by the
noise in radar/camera detections which can degrade the estimated track position. However,
the tracker still successfully matches fused tracks to ground truth, so GOSPA registers a
localization penalty. This trend shows that fusion quality can be highly sensitive to quality

of the detections as well as the data associate method used.

The V2V detections are treated as low-noise virtual sensors in this fusion pipeline. How-
ever, when noisy radar or camera detections are within the tracker’s gating region, they
are combined with V2V inputs in state updates. If the assigned covariances are not suffi-
ciently differentiated, the tracker gives undue weight to lower-quality detections, pulling the
track estimate away from the more reliable V2V position. This mis-weighting is especially
impactful in scenarios with partial occlusion or measurement ambiguity. Proper tuning of

sensor noise models and validation of gating thresholds can mitigate these effects in future
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implementations.

4.2 Highway Results

The V2V-only configuration produced the lowest total GOSPA score across all the highway
scenarios. This means that on paper it outperformed both fused and local-only pipelines.
While this wasn’t the hypothesized result, there are many insights we can gain from this. The
reason that V2V-only performed the best is due to the BSM-derived position and velocities,
which are directly generation from the actor’s ground truth. As stated in Chapter 3, there is
INS/GNSS noise that is simulated. However, the V2V tracks are still able to maintain clean,
long-duration tracks with high precision. The GOSPA score is calculated by comparing
the outputs of the perception pipeline with ground truths. Since all the vehicles in the
simulated scenarios communicate their positions using Basic Safety Messages, the values are

nearly identical to ground truth.

Component Local V2V Fused

GOSPA 71.909 10.502 28.94
Switching 0 0 0

Localization 0 6.5779 9.9001
Missed 67.082 4.0196 3.1739

False Track 24.57 3.0246 25.471

Table 4.1: Breakdown for Highway 1 scenario

In the first highway scenario, the ego vehicle is following a tall truck that occludes vehicles
ahead while a chain-reaction braking is taking place. This scenario portrays the inherent lim-
itations of local sensing in high-occlusion and/or low-visibility scenarios. The local pipeline
fails to track the slowing vehicles that are hidden in front of the box truck, which leads to the

high missed detection penalty of ~ 67. V2V is able to boost the performance by tracking the
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occluded vehicles early via BSMs. However, the fused pipeline suffers from over-association
and track duplication. This can be attributed to the conflict between delayed or noise local

sensor inputs and the highly accurate V2V positions.

The second highway scenario scenario shows a vehicle crossing the highway median from
the opposite direction and entering the ego vehicle’s lane. This is a high-speed cross-traffic
scenario where the local sensor are blocked by guardrails on the highway. Local-only per-
ception only detects the intruding vehicle when it is dangerously close, making a collision
highly likely. V2V performs well and is able to continuously track the hazard using BSMs.
This results in a ~ 78% reduction in the missed targets. Figure 4.2 also shows that the fused
system again struggled with conflicting inputs, creating 27 false tracks. This suggests that in
scenarios with sudden lateral intrusion, especially in an opposing direction of travel, fusion

can incorrectly interpret the motion path.

Component Local V2V Fused

GOSPA 43.52 15.744 31.443
Switching 0 0 0

Localization 0 4.7202  6.662
Missed 36.742 8.0539 7.716

False Track 22.975 8.0334 27.776

Table 4.2: Breakdown for Highway 2 scenario

The third scenario has an ego vehicle trying to merge onto highway while being blocked
by a truck when another vehicle approaches from behind. This creates a potential conflict
point. This is a simple scenario and involves a partial occlusion with low vehicle density.
Local sensors fail to detect the approaching vehicle due to the reduced field of view. Local
sensors fail to detect the approaching vehicle due to the occluding truck, resulting in total
track loss. V2V enables clean early detection, yielding the lowest GOSPA of all scenarios.
The fused pipeline performs nearly as well, indicating no fusion degradation. This validates

that in clean, low-noise scenes, fusion is both safe and beneficial—even slightly improving
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robustness without incurring association penalties.

Component Local V2V Fused

GOSPA 21.213 2.3312 3.817
Switching 0 0 0
Localization 0 2.3312 3.817
Missed 21.213 0 0
False Track 0 0 0

Table 4.3: Breakdown for Highway 3 scenario

In the fourth scenario, the ego vehicle is driving closely behind a truck when another ve-
hicle abruptly cuts into it’s lane. This scenario stresses the latency and spatial precision
of fusion during fast cut-ins. Local-only fails entirely, both missing the cut-in and incor-
rectly tracking the lead truck. V2V handles the cut-in well, tracking the adjacent vehicle
even before it moves. However, the fusion system again suffers from a high number of false
tracks—indicative of track duplication caused by inconsistent camera/radar and V2V detec-
tions. This reinforces that in rapid lateral maneuvers, where motion models are strained and

observations can get misaligned, fusion must be managed more carefully.

Component Local V2V  Fused

GOSPA 39.016 3.3367 28.044
Switching 0 0 0

Localization 0 3.3367  7.2549
Missed 30 0 0.98666

False Track 24.728 0 26.322

Table 4.4: Breakdown for Highway 4 scenario

In the last highway scenario, the ego vehicle approaches a curve at a high speed when
a disabled vehicle is stopped just beyond it’s line of sight. This event tests curvature-
induced occlusion, where ego cannot see a stopped object until it’s dangerously close. Local
sensing again fails, missing the stopped vehicle until it’s nearly within braking distance.

V2V maintains clean tracking throughout the curve. Fusion performs well here—only a
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minor increase in localization and false tracks.

Component Local V2V Fused

GOSPA 24.03 2.4649 7.8936
Switching 0 0 0
Localization 0 2.4649 2.8396
Missed 21.213 0 0

False Track 5.58 0 5.7071

Table 4.5: Breakdown for Highway 5 scenario

4.3 City Results

Urban environments pose unique challenges for autonomous perception systems due to fre-
quent occlusions, complex interactions at intersections, and dynamic road users such as
pedestrians and turning vehicles. Unlike highways, where occlusions are typically longitu-
dinal and short-lived, city scenarios feature lateral occlusion, tight spacing, and multi-agent
interaction, all of which test the limits of traditional camera and radar perception. The use
of V2V communication in these scenarios enables early awareness of objects beyond line-of-
sight, while sensor fusion attempts to combine this with local data. This section analyzes the
perception performance across five representative urban scenarios, each designed to stress a

specific perception failure mode.

In the first city scenario, the ego vehicle drives past a line of parked vehicles, behind which a
pedestrian begins crossing. Local sensors are heavily occluded until the pedestrian is nearly
in front of the vehicle. V2V dramatically improves perception performance, reducing the
GOSPA score from 97.40 (local-only) to 23.67 by enabling early detection of the occluded
pedestrian. The local-only pipeline suffers 92 missed detections, showing it fails to detect the
pedestrian until dangerously late. Fusion reduces the missed detection count but introduces

a significant false track penalty (27.23), likely due to mismatched detections between the
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delayed local sensors and accurate V2V reports. This demonstrates how fusion can recover
continuity, but when local sensors lag behind, it can also confuse the tracker and increase

false positives.

Component Local V2V Fused

GOSPA 97.399 23.67 36.567
Switching 0 0 0

Localization 0 10.063 10.466
Missed 92.466 21.213 21.701

False Track 29.794 0 27.234

Table 4.6: Breakdown for City 1 scenario

The second city scenario shows an ego vehicle attempting a left turn, with an oncoming
vehicle being occluded by a lead car until the last second. The V2V pipeline again performs
best, achieving a low GOSPA of 5.12 and missing only 1.66 detections. Local-only misses
30 detections and generates nearly 23 false tracks, confirming that intersection occlusion is
a critical weakness for camera and radar. The fused pipeline reduces missed detections to
11.33 but introduces the highest false track count of all city scenarios (29.32). This reflects
difficulty in associating asynchronous local detections with V2V updates, especially during a
brief, head-on occlusion. This scenario highlights how cross-path occlusions challenge fusion
more than V2V-only perception, especially without temporal alignment or ID-level track
association.

Component Local V2V Fused

GOSPA 38.522 5.1239 35.149
Switching 0 0 0

Localization 0 27737  7.5327
Missed 30 1.6593 11.325

False Track 22.805 1.9494 29.315

Table 4.7: Breakdown for City 2 scenario

In the third city scenario, a close-following car in a roundabout is occluded by a larger SUV.
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The ego vehicle misjudges the available gap and enters the roundabout prematurely. Sur-
prisingly, V2V performs poorly here relative to other city scenarios: GOSPA is 21.37, with
over 21 missed detections. This may stem from close proximity between the occluding and
following vehicles, making BSM data difficult to separate spatially. Fusion also underper-
forms, with 24 missed detections and 13.96 false tracks, barely improving over local-only.
This scenario exposes the limitations of V2V in tight, low-speed clusters and shows that
fusion adds noise when local sensors fail to provide corroborating detections. It underscores

the need for more discriminative association logic in urban environments with tight spacing.

Component Local V2V Fused

GOSPA 33.042 21.367 32.947
Switching 0 0 0

Localization 0 2.0318 9.133
Missed 30 21.213  24.209

False Track 8.8956 0 13.959

Table 4.8: Breakdown for City 3 scenario

The last city scenario features an oncoming vehicle initiating a U-turn from across the
intersection and entering the ego lane. V2V-only perception performs exceptionally well
here, with a GOSPA of 2.08 and zero missed detections. In contrast, the local pipeline
misses 21 detections and generates 25.43 false tracks, due to the turning vehicle being far
outside the local sensor FOV at maneuver onset. Fusion reduces missed detections to 4.61
but adds nearly 28 false tracks, suggesting that the motion arc of the turning vehicle creates
conflicting detections across time from different sensors. This scenario showcases the power of
V2V in anticipating complex maneuvers, but also shows that fusion must be carefully tuned
when motion is nonlinear or spans wide angles, to prevent fragmentation and redundant

tracking.
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Component Local V2V Fused

GOSPA 31.383 31.713 329
Switching 0 0 0
Localization 0 2.3922 3.1558
Missed 30 25.704 24.858

False Track 3.4748 15.779 19.005

Table 4.9: Breakdown for City 4 scenario

Component Local V2V Fused

GOSPA 33.434 2.084 29.837
Switching 0 0 0

Localization 0 2.084 2.8423
Missed 21.213 0 4.6116

False Track 25.428 0 27.881

Table 4.10: Breakdown for City 5 scenario

4.4 Aggregated Comparison

Table 4.11 shows the average GOSPA score for each of the three perception systems in all ten
driving scenarios. The comprehensive evaluation across ten scenarios reveals some counterin-
tuitive findings that challenge conventional assumptions about sensor fusion in autonomous
vehicle perception. One example of this is that the V2V-only pipeline consistently achieved
the lowest GOSPA scores across both highway and city environments. The fused pipeline

came in second and the local-only pipeline third with a considerable margin.

The quantitative results demonstrate that while fusion provides substantial improvements
over local-only perception—with average GOSPA reductions of 19.9 points in highway sce-
narios and 13.3 points in city scenarios—it fails to match the performance of V2V-only
perception by significant margins of 13.2 and 16.7 points respectively. This gap stems fun-
damentally from the quality disparity between data sources. The V2V pipeline benefits
from near-ground-truth position and velocity information with minimal INS/GNSS noise,

while local sensors introduce measurement uncertainty, occlusion-induced gaps, and range
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Scenario Local GOSPA V2V GOSPA Fused GOSPA

Highway 1 72.083 10.502 28.94
Highway 2 43.679 15.744 31.443
Highway 3 21.213 2.3312 3.817
Highway 4 38.99 3.3367 28.044
Highway 5 24.078 2.4649 7.8936
City 1 07.352 23.67 36.567
City 2 38.511 5.1239 35.149
City 3 33.025 21.367 32.947
City 4 31.373 31.713 32.9
City 5 33.47 2.084 29.837

Table 4.11: Average GOSPA for local, V2V, and fused tracks

limitations that degrade the overall system performance when fused.

The fusion system’s suboptimal performance can be attributed to improper weighting of
heterogeneous sensor inputs during track updates. When noisy radar or camera detections
fall within the tracker’s gating region, they are combined with high-quality V2V measure-
ments according to their assigned covariances. If these covariance models fail to adequately
differentiate between sensor qualities, the tracker gives undue influence to lower-fidelity de-
tections, pulling track estimates away from more reliable V2V positions. This phenomenon is
particularly pronounced in scenarios involving partial occlusions or measurement ambiguity,

where local sensor reliability is already compromised.

An important finding emerges from the localization error patterns across the three pipelines.
The local-only system consistently reported zero localization error across all scenarios, which
initially appears to suggest perfect tracking precision. However, this result is misleading and
reflects a fundamental limitation in how GOSPA calculates localization penalties. The metric
only computes localization error for tracks that have been successfully matched to ground
truth objects. In the local-only pipeline, frequent tracking failures due to occlusions and poor

sensor range result in unconfirmed tracks or detection mismatches, leading to high missed



4.4. AGGREGATED COMPARISON 45

detection penalties rather than localization errors.

Scenario % A V2V vs. Local % A Fused vs. Local

Highway 1 85% 60%
Highway 2 64% 28%
Highway 3 89% 82%
Highway 4 91% 28%
Highway 5 90% 67%
City 1 5% 62%
City 2 87% 8%
City 3 35% 0%
City 4 -1% -5%
City 5 93% 1%

Table 4.12: Percentage improvement in GOSPA score compared to local baseline

In contrast, both V2V-only and fused pipelines consistently reported non-zero localization
errors, indicating successful track-to-ground-truth associations despite some position uncer-
tainty. The fused pipeline systematically produced higher localization errors than V2V-only
across all scenarios, reinforcing the conclusion that incorporating noisy local sensor data

degrades position accuracy even when tracks remain viable.

The impact of environmental complexity on fusion performance varies significantly between
highway and urban scenarios. Highway environments primarily present longitudinal occlu-
sion challenges from large vehicles and curvature-induced line-of-sight limitations. In these
scenarios, fusion generally performed more predictably, with false track generation remaining

moderate except in cases of rapid lateral intrusion or cut-in maneuvers.

Urban environments proved more challenging for fusion systems due to their inherently
complex multi-agent interactions, lateral occlusions, and non-linear motion patterns. City
scenarios consistently generated higher false track penalties for the fused pipeline, with
particularly severe degradation in intersection scenarios and complex turning maneuvers.

The worst fusion performance occurred in City 2, where a left-turn scenario with oncoming
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vehicle occlusion resulted in 29.32 false tracks—the highest count in any scenario tested.

The fusion system’s struggle with track association became most apparent in scenarios in-
volving rapid state changes or conflicting sensor inputs. Highway scenarios featuring sudden
lane changes or cross-traffic intrusion consistently produced high false track counts, sug-
gesting that the temporal misalignment between local sensor detections and V2V updates
creates ambiguity in the data association process. This problem is exacerbated when motion
models cannot adequately predict rapid lateral movements, leading to track fragmentation

and redundant track creation.

The severity of association problems correlates strongly with scenario complexity. Simple
scenarios with predictable motion patterns and minimal occlusion (such as Highway 3 and
Highway 5) showed fusion performance nearly matching V2V-only results, with minimal false
track penalties. This indicates that in clean environments where sensor inputs remain con-

sistent and predictable, fusion can indeed provide benefits without significant degradation.

Despite its overall superior performance, the V2V-only pipeline exhibited notable limitations
in specific scenarios. The most significant degradation occurred in City 3, where closely
spaced vehicles in a roundabout scenario resulted in a GOSPA score of 21.37 with over 21
missed detections. This represents the worst V2V performance in any urban scenario and
highlights a fundamental limitation of BSM-based perception: spatial resolution challenges

when multiple vehicles operate in close proximity.
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Conclusions

The aim of software-defined vehicles and autonomous driving software is to provide ground-
breaking improvements on road safety for everyone. Their performance relies on robust
perception systems. The majority of innovation in this space focuses on onboard sensors like
cameras, radars, and LiDAR. Each of these have their strengths and limitations. However,
they all share the two main drawbacks: limited field of view and occlusions. This thesis
explored a novel method of fusing data from Basic Safety Messages with traditional cam-
era and radar tracks to improve the perception systems robustness and performance. The
main aim was to create a system to achieve higher fusion quality and expand the range and

operational readiness for autonomous vehicles.

5.1 Approach

To rigorously assess the effectiveness of V2V-enhanced sensor fusion, this research imple-
mented a comprehensive Software-in-the-Loop (SiL) simulation environment using MAT-
LAB’s Simulink and Driving Scenario Designer tools. A representative selection of realis-
tic driving scenarios—including both highway and urban environments—was developed to
specifically challenge traditional perception systems. These scenarios featured critical edge
cases like sudden lane changes, highway median crossovers, hidden pedestrians, intersection

occlusions, and tight roundabouts, all aimed at exposing weaknesses in onboard sensors.

47
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Three perception pipelines were systematically tested across these scenarios:

1. Local-only, relying exclusively on onboard radar and camera sensors.

2. V2V-only, utilizing precise location and velocity information transmitted via Basic

Safety Messages (BSMs).

3. Fused, integrating both local sensor detections and V2V communications into a uni-
fied track list using multi-object tracking algorithms with Kalman filters and data-

association techniques.

To objectively quantify the performance of each pipeline, the Generalized Optimal Subpat-
tern Assignment (GOSPA) metric was employed. This metric allowed for detailed break-
downs of localization accuracy, missed detections, false tracks, and track identity errors,

providing a nuanced understanding of each method’s strengths and limitations.

5.2 Key Findings

The results demonstrated significant performance differences among the three perception
pipelines tested. Overall, the V2V-only pipeline consistently outperformed both the local-
only and fused systems, achieving substantially lower GOSPA scores across nearly all high-
way and urban scenarios. Specifically, V2V data dramatically reduced missed detections,
particularly in situations involving occlusions and limited visibility. This outcome under-
scores the inherent advantage of V2V’s precise and continuous communication of positional

data, enabling accurate tracking even when local sensors fail due to obstructions.

The fused pipeline—while consistently superior to the local-only system—did not match the

performance of the pure V2V pipeline. Fusion effectively decreased the number of missed
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detections relative to the local-only pipeline, especially in scenarios involving sudden hazards
and lateral intrusions. However, it introduced additional localization errors and false tracks,
largely resulting from challenges in accurately associating noisy local sensor inputs with the
more precise V2V detections. This issue was most prominent during scenarios featuring
rapid maneuvers and short-duration occlusions, highlighting the need for careful calibration

of track association methods.

Another significant observation was the local-only system’s inability to reliably detect crit-
ical hazards, particularly in urban scenarios involving complex interactions and occluded
pedestrians. Frequent missed detections and high false track counts confirmed that purely
sensor-based perception systems are fundamentally limited, reinforcing the potential value

of V2V integration.

5.3 Limitations

Despite demonstrating clear benefits, this research faced several inherent limitations and
practical challenges. Primarily, the evaluation relied entirely on Software-in-the-Loop (Sil.)
simulations. While SiLi provides efficient prototyping and safety benefits compared to hard-
ware testing, it introduces simplified models of real-world factors such as communication
latency, sensor noise, and GNSS accuracy. Thus, performance results obtained through sim-
ulations might differ from real-world deployments, particularly regarding latency and noise

impacts on tracking quality.

Moreover, the simulations utilized idealized V2V communication scenarios, with each actor
reliably broadcasting Basic Safety Messages. Real-world conditions—including packet loss,
varying communication ranges, and cybersecurity vulnerabilities—were not fully accounted

for. Additionally, the fusion pipeline encountered frequent false-track generation due to



50 CHAPTER 5. CONCLUSIONS

challenges in accurately associating asynchronous, noisy local sensor inputs with precise

V2V messages, underscoring the need for more sophisticated tracking methods.

Another notable challenge was the assumption that all other vehicles were V2V-enabled. In
practice, V2V adoption will initially be sparse, limiting its immediate effectiveness. Conse-
quently, sensor fusion strategies must be robust enough to handle mixed scenarios, requiring

careful balancing and calibration between onboard sensors and V2V data.

5.4 Future Work

The work in this thesis aimed to build a fusion framework that would be sensor suite agnostic
and use minimal BSM messages to improve perception performance. The simulation shows
this to be a success with an average 28% improvement in GOSPA. However, the real world
performance of such a system is still untested. In most projects, simulation can only go so far.
After this, Hardware-in-the-Loop and Vehicle-in-the-Loop testing needs to take place. This
would be the next logical step to further strengthen the findings of this thesis. Hardware-in-
the-loop testing could involve using an on-board V2V unit to transmit and receive BSMs to
and from other devices. This would result in real-world noise and wireless communication

interferences.
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Appendix
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Figure 6.1: Hidden vehicles being tracked by V2V
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Figure 6.2: Hazard from other side of median detected early
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Figure 6.3: Pedestrian detected despite occlusion with truck in a busy urban environment
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