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Abstract

Autonomous vehicles represent a transformative technology in modern transportation, promising
enhanced safety, efficiency, and accessibility in mobility systems. This paper presents a
comprehensive autonomous vehicle system designed specifically for Vietnam's traffic conditions,
featuring a multi-layered approach to perception, decision-making, and control. The system utilizes
dual 2D LiDARs, camera vision, and GPS sensing to navigate complex urban environments. A key
contribution is the development of a specialized segmentation model that accurately identifies
Vietnam-specific traffic signs, lane markings, road features, and pedestrians. The system implements
a hierarchical decision-making architecture, combining long-term planning based on GPS and map
data with short-term reactive planning derived from a bird's-eye view transformation of
segmentation and LiDAR data. The control system modulates the speed and steering angle through
a validated model that ensures stable vehicle operation across various traffic scenarios. Experimental
results demonstrate the system's effectiveness in real-world conditions, achieving a high accuracy
rate in terms of segmentation and detection, and exact response in navigation tasks. The proposed
system shows robust performance in Vietnam's unique traffic environment, addressing challenges
such as mixed traffic flow and country-specific road infrastructure.

Keywords: multi-sensor fusion; data fusion; autonomous vehicle; vision and sensors

1. Introduction

Autonomous vehicles (AVs) have emerged as a revolutionary advancement in transportation
technology, promising to en-hance road safety, optimize traffic flow, and transform urban mobility.
While significant progress has been made in autonomous driving systems for well-structured
environments in developed countries, the implementation of AVs in diverse traffic conditions,
particularly in Southeast Asian countries like Vietnam, presents unique challenges. These challenges
include heterogeneous traffic patterns, varying road infrastructure quality, complex traffic sign
systems, and distinct driving behaviors [1]. Traditional autonomous driving approaches often
struggle in Vietnam's traffic environment due to several factors. First, the traf-fic flow is characterized
by a mix of vehicles including cars, motorcycles, bicycles, and pedestrians, creating complex
interaction scenarios. Second, lane markings and road infrastructure may be inconsistent or
deteriorated, making traditional lane-following algorithms less reliable. Third, Vietnam's traffic sign
system includes unique elements that are not commonly addressed in existing autonomous driving
datasets and models [2]. To address these challenges, this paper presents a comprehensive
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autonomous vehicle system specifically designed for Vietnam's traffic conditions. Our system
integrates multiple sensing modali-ties, including dual 2D LiDARs, camera vision, and GPS, to
ensure robust environmental perception. The key innovations of our work include: a specialized
segmentation model trained to recognize Vietnam-specific traffic elements, including unique traffic
signs, lane markings, and road features, a hierarchical decision-making system that combines long-
term route planning with reactive short-term navigation, a bird's-eye view transformation approach
that fuses segmentation results with LIDAR data for enhanced situational awareness, and a validated
control system model that ensures stable vehicle operation across various traffic scenarios.

Our experimental results, conducted on Vietnam scenarios with different cases, demonstrate the
system's effectiveness in handling Vietnam's unique traffic challenges. The proposed approach
achieves significant improvements in comprehensive per-ception, navigation, and decision-making.

2. Related Works of Multi-Sensor Fusion in Autonomous Vehicle

This section may be divided by subheadings. It should provide a concise and precise description
of the experimental results, their interpretation, as well as the experimental conclusions that can be
drawn.

2.1. Camera Segmentation and LiDAR Signal Representation

Recent advances in autonomous vehicle perception have demonstrated the power of combining
camera-based segmentation with LiDAR data. Camera segmentation using deep learning models,
particularly YOLO, has shown exceptional performance in detecting and segmenting traffic elements
like lanes, signs, vehicles, and pedestrians [3-6].The evolution from previous YOLO versions has
brought significant improvements in both accuracy and processing speed, making it suitable for real-
time autonomous driving applications. However, autonomous vehicles need to have a
comprehensive perception for several tasks, so it is necessary to apply a comprehensive model with
multiple objects to improve input information for decision-making.

YeEyelist 0.93

Figure 1. Vehicles and pedestrians detection [4].

Several studies have explored effective ways to represent and fuse LiDAR data with camera
segmentation. In different research [7], researchers developed a method to combine geometric
information from LiDAR with semantic segmentation from cameras to create a more comprehensive
understanding of the environment. The fusion of these complementary sensor modalities helps
overcome the limitations of each sensor type - cameras provide rich semantic information but lack
precise depth measurements, while LiDAR provides accurate spatial information but lacks semantic
context [8].With this method, the authors have demonstrated a precise method for obstacle distance
estimation, and this method can be improved by combining a comprehensive model and image
processing.
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Figure 2. Camera and Lidar 2D fusion for precise distance estimation [9]

Bird's-eye view (BEV) representation has emerged as a particularly effective approach for
autonomous driving perception. Prakash et al. [9] demonstrated a multi-modal fusion transformer
that effectively combines camera and LiDAR data into a unified BEV representation. Similar to our
approach, Wang et al. [10] utilized multiple LiDAR sensors to create a comprehensive top-view
model, though their work focused on highway scenarios rather than urban environments.

2.2. Decision Making for Autonomous Vehicles

Decision making in autonomous vehicles typically follows a hierarchical structure, separating
long-term strategic decisions from short-term tactical controls [11,12].Comprehensive surveys of
decision-making architectures highlight the importance of integrating both rule-based and reactive
approaches [13]. Research emphasizes that effective autonomous driving requires both adherence to
traffic rules and responsive behavior to dynamic obstacles. For long-term decision making, recent
work has focused on incorporating map information and traffic rules into planning frameworks.
Studies propose strategic planning systems that consider both static rules (from traffic signs and road
markings) and dynamic conditions (from real-time perception) [14]. This approach aligns with our
system's use of GPS and detected signs for long-term planning.

In the domain of short-term decision making, several approaches have emerged for converting
perception inputs into control commands. Chen et al. [15] demonstrated an end-to-end system that
uses segmentation masks to directly generate steering and velocity commands. However, their work
primarily relied on camera data, whereas our approach incorporates LiDAR information for
additional safety verification. The use of LiDAR for handling undefined obstacles has gained
increasing attention. Researches show that LIDAR-based obstacle detection can serve as an effective
backup system when camera-based perception might fail, particularly in challenging weather
conditions or with unexpected obstacles [16,17].This multi-layered approach to perception and
decision making has proven crucial for robust autonomous operation.

2.3. Route Planning and Path Finding

Recently, significant advancements have been made in constructing and interpreting real-world
road networks for autonomous vehicle route planning. Delling et al., [18] provides a general
overview of various Dijkstra-based route planning algorithms and the techniques used to improve
search efficiency. However, modern route planning approaches incorporate additional factors
beyond physical distance, such as traffic conditions, speed limits, and detours, to determine the most
cost-effective route [19-21].More recently, machine learning techniques have been introduced to
handle the complexity of multiple parameters and estimate optimal paths more effectively
[20,21].However, these methods require extensive training data and real-time inputs, making them
computationally demanding.
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While the route planning generates waypoints to guide the system to destination, the path
planning between waypoints is important to make the car handle the environment change (i.e.
obstacles). Pathfinding algorithms can be broadly categorized into two main approaches: discrete
graph-based methods, such as Dijkstra’s Algorithm and A* which model the environment as a
network of interconnected nodes and edges [22]and continuous space methods, like RRT and PRM,
which explore the environment without predefined reference points to find feasible paths [23].
Although being popular and generally well performing on motion planning, the graph-based
methods have a drawback in time complexity which prevents them from real-time application.
Meanwhile, the continuous space methods are computationally expensive [24].

3. System Architecture and Implementation

3.1. System Architecture Proposal

The autonomous vehicle system architecture integrates multiple sensor modalities, including 2D
LiDAR, camera, GPS, and wheel encoders, to enable perception, localization, and decision-making.
All of the information from sensors is processed to several tasks simultaneously.

System Architechture
[ Lidar 2D } { Camera } [ GPs } { Encoder }

Processor

/

Top view
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Segmentation and
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Shorterm decision making Longterm decision making

Figure 3. System architecture for the autonomous vehicle

For segmentation and detection, returned results are applied for short term decision-making
with masks of important objects on the road. The detected Vietnam traffic signs are analyzed to set
restrictions and conditions for long term decision-making. The masks of objects on the road are fused
with 2D lidar signals to improve the perception of the vehicle. Top view is dedicated to a visualization
of the vehicle’s front view, which can be analyzed for short term decision-making.GPS sensors are
used for pathfinding and vehicle positioning. The encoder from each wheel provides information
about velocity, acceleration, direction of the vehicle, which is essential for controlling system.

3.2. Implementations

3.2.1. YOLOVS Instance Segmentation and 2D Lidar Fusion and Perception Visualization

A 2D LiDAR sensor can be exploited to perceive the surrounding environment by analyzing the
distance measurements from its emitted rays. The 2D Lidar sensor provides 541 distance values, each
corresponding to a ray spaced at 0.5-degree intervals and covers a total field of view of precisely 270
degrees. By converting these polar coordinates (angle and distance) into Cartesian coordinates (X, Y),
a point cloud representation of the environment can be constructed. This data can be processed to
detect obstacles and understand the spatial layout of the surroundings. By continuously updating
and analyzing the point cloud over time, the sensor can assist in real-time decision-making for
navigation and path planning.
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Figure 4. A mask from 2D Lidar of the autonomous vehicle

For comprehensive segmentation and detection, we used YOLOvV8 segmentation for lanes,
markings, vehicles and pedestrians. Lane segmentation is applied for short-term decision making by
determining the accepted area to move. Marking segmentation is dedicated to analyze the acceptance
of lane changing. Vehicle and pedestrian segmentations collaborate with 2D Lidar analysis to
determine accurate distances to the autonomous vehicle.

Back
Bone

Figure 5. YOLOVS8 segmentation model [25]

For traffic signs detection, we collect and label Vietnam traffic signs, then train with YOLOV8-s
detection model. The dataset of Vietnam traffic signs is collected with respect to Vietnam traffic rules.
The collected ones are important for navigation and speed of the autonomous vehicle, which requires
consistency between vehicles on the specific road.

The signal of lidar, segmentation masks and top-view model are fused to create a comprehensive
perception for the autonomous vehicle. Firstly, vehicles and pedestrians are considered to be
obstacles to the autonomous vehicle. From segmentation masks of vehicles and pedestrians, we
determine the angular range of the object relative to the camera. In paper [26], the author calculates
that the angle of incidence of an object is a linear function of the pixel coordinates. However, this
calculation is only valid when the camera sensors are arranged in a spherical shape or in a rectangular
layout with a narrow field of view. The relationship between the sensor plane and the real-world
plane is illustrated in Figure 4, as discussed in [27]. We compute it as follows:
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Figure 5. Camera view for object’s angle estimation

Consider a camera with a horizontal field of view (HFOV) of a degrees and a horizontal
resolution of H pixels. The half-HFOV is a/2, and the image width is H, meaning half of the image
corresponds to H/2 pixels. The focal length f in pixels can be derived as [26]:

H
S :
2tan () M
2
The principal point, corresponding to the 0-degree angle, is located at the center of the image
[26]:
H
=2 2
e.=> @

With ¢, denotes the center coordinate of the image.

X, and X, are the left and right pixel coordinates of the detected object's bounding box. By

: . . a .
convention, the extreme right of the image corresponds to an angle of > while the extreme left

corresponds to % . The angles subtended by the object's left and right boundaries are given by [26]:

(91: -1 x1_ij
tan ( 7 (3)

0, = -1 X _ij
tan ( f (4)

After determining the potential angles of obstacles, the potential angles are converted to 2
potential rays from lidar by:

1Y osentiar 1en = 2X(6, +135) 5)
if determined rays on the right compared to the central of camera.
1Y poiential 1efi = 2x(135-6,) (6)
if determined rays on the left compared to the central of camera.
TAY potential right = 2x(6, +135) 7)
if determined rays on the right compared to the central of camera.

rayputentialiright = 2‘x(1 35 - 62) (8)
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if determined rays on the left compared to the central of camera.

Determined rays can not be precise because of the limit of camera and algorithm. However, the
potential angle and rays of the obstacles are estimated, these can be applied to extract the precise rays
for obstacles by:

.. dr, —dr,
ray,, =dr, if r’”—ar’

i+l Vi

> Th )

Where:
ray,, is the precise ray on the left side of an obstacle.
drs is the distance of the ray number i.
0, is the specific angle of the ray number i.

After applying this formula for all rays in potential rays on the left and right sides of obstacles,
we retrieve a set of values for differences between rays, and 2 peaks on the left and right sides are the
rays that accurately represent obstacles.

3.2.2. Long short-term decision-making architecture based on sensor exploitation

Given the resource and data limitations of implementing route planning on embedded
OpenStreetMap, we opt for the traditional A* algorithm as the most practical and efficient choice for
our application. To search the path, we will first input the geocode of the current position of the car
and the name or geocode of the target point. The name of the target point is translated to geocode if
available. These geocodes will be connected to the road map vertex. Next, we apply the A* algorithm
to find the shortest path from the closest vertex of start point to the closest vertex of end point.

Traffic Rules

~

Supervisor

A

Figure 7. Schema for long-term decision-making of the autonomous vehicle.

Based on detected traffic signs, the vehicle automatically sets the restrictions and conditions
based on Vietnam traffic rules. The supervisor collects the information about velocity, position,
direction and conditions of the vehicle to ensure the system respects the rules and sends feedback to
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the control system. The traffic rules are set based on the detected Vietnam signs. The restrictions and
conditions conveyed by the traffic signs are processed by traffic rules. These rules ensure that vehicles
progress consistently without traffic violations. The supervisor plays an important role in short-term
decision-making, which processes the conditions and restrictions to apply properly for the
autonomous system. After supervisor’s progresses, all of the checking results and system
requirements are sent to short-term decision-making to execute. The long-term decision-making
model is especially designed for Vietnam traffic conditions, where the meaning of signs should be
combined to make precise decisions. For turning prohibition, the validity finishes after intersection
or turning branch on the road. Meanwhile, the restrictions and conditions from areas and one-

direction signs remain in progress.

Check
long term
condition

Lane and Distance
to Obstacles in

atisfied: not passed

Not Satisfied Safety checking passed

Analyze current Analyze instance
vehicle state and Obstacles Clarification segmentation of lanes
environment and Lidar 2D

Y

Evaluate obstacle
positions based on 2D
Lidar and segmented Identify current lane
masks, determine position
optimal velocity and
steering angle

The system satisfy
conditions and
restrictions

Y

Analyze and calculate Detect any lane
vehicle speed, changes or deviations,
direction and decrease the speed or

conditions, restrictions urgent stopping

Apply calculated
velocity and steering
angle, monitor vehicle

response and
feedback

Figure 8. Flowchart for short term decision-making of the autonomous vehicle.

In the short-term decision-making process, the vehicle continually evaluates its immediate
surroundings and adjusts its trajectory and speed to ensure safe and efficient navigation. After
verifying that long-term conditions and restrictions are satisfied, the system proceeds to assess the
lane geometry and detect obstacles using sensors such as LIDAR and cameras. It then determines the
optimal velocity and steering angle by analyzing real-time data on lane positions, distances to nearby
vehicles or objects, and any potential lane deviations or urgent stopping scenarios [28,29]. If the
analysis indicates unsafe conditions, the system refines its perception through instance segmentation
and updates its understanding of the environment accordingly. The capability of vehicles is
improved to adapt to Vietnam traffic conditions, where obstacles occasionally are not perceived by
model or appear suprisingly from alleys of the road. The signal from Lidar is not only used to
combine with camera for precise distances to objects but also ensure the safe distance from the vehicle
to surrounding environment. We consider all of unfiltered rays from lidars to belong to surrounding
environment, where the distances are calculated in a cluster to evaluate the surprising risks. The
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distance of individual rays is sensitive to tiny objects, so we use a sliding array to calculate the risk
from unidentified objects to the vehicle.

O (10)

where:
R is the risk to the vehicle
d is the distance from individual ray to lidar

n_ is the number of values in sliding array.

rays

p risky coefficient respect to different n

We calculate the risk with different sliding arrays and collect different values of risks for the
vehicle. Based on those risk estimations, the autonomous vehicle could decide short-term decisions
to ensure safety in unexpected traffic situation in Vietnam. Finally, the calculated control commands
steering angle and velocity are applied, and feedback from the vehicle’s response is continually
monitored to maintain safe driving performance. This loop of perception, analysis, and actuation
occurs in rapid cycles to adapt to changing traffic conditions and complement the broader constraints
set by the long-term decision-making framework. After short-term decision-making, the control
system executes based on processed information. To achieve efficient turning, we follow Ackermann
steering geometry, which ensures that all wheels follow circular paths around a common
instantaneous center of rotation (ICR). To further optimize efficiency, we adjust each wheel's velocity
to match the expected velocity profile dictated by Ackermann steering.

Our inputs are turning angle (&) and current speed. From the turning angle, we compute the

central turning radius that the center of mass should follow:

ReJT ol @) 1)
where:

a is the lateral offset (if applicable).

[ is the wheelbase (distance between front and rear axles).

cot(0) is the cotangent of the steering angle.

To compute the turning radius for each wheel, we determine R, then compute the radii for each
wheel as follows:

Rear Axle Center Radius:

=R -= (12)

rear ,center 4

Rear Wheel Radii:
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(0]
rear inner Rrear center A (13)
' ’ 2
[0}
rearouter Rrear center +— (14)
’ ’ 2
Front Wheel Radii:
2 2
Rﬁunt,inner = Rrear,inner +l (15)
2 2
Rfront,auter = Rrear,outer +l (16)
where:

w 1is the track width of the vehicle.

The kinematic design of vehicle steering systems impacts handling, stability, and tire wear.
Three common configurations are parallel steering, Ackermann steering, and anti-Ackermann
steering, each suited to different applications. Parallel steering turns both front wheels at the same
angle. While simple to implement, it causes tire scrubbing and excessive wear, making it impractical
for most vehicles. It finds limited use in autonomous robotic platforms where wheel slip is negligible.
Ackermann steering ensures that the inner and outer wheels follow concentric paths during a turn,
reducing slip and improving traction. It enhances maneuverability and reduces tire wear, making it
ideal for road vehicles. However, it can contribute to understeer at high speeds and requires precise
linkage design.

Anti-Ackermann steering, where the outer wheel turns more than the inner wheel, is used in
high-speed racing to optimize tire load distribution and improve cornering grip. While beneficial for
performance, it increases low-speed tire scrubbing and is unsuitable for regular road vehicles. Parallel
steering is simple but inefficient. Ackermann steering is best for general vehicles, balancing
maneuverability and tire wear. Anti-Ackermann steering benefits high-speed racing but is
impractical for normal driving due to increased tire wear.

4. Experiments and Results

4.1. Results of YOLOvS Instance Segmentation and 2D Lidar Fusion and Top View for Vehicle Front-view
Visualization

We developed and trained two deep learning models based on datasets independently collected
and annotated to reflect the unique characteristics of the Vietnamese traffic environment. The first
dataset focuses on instance segmentation and includes four key classes: lane markings, road
markings, pedestrians, and vehicles (containing different kinds of vehicles in the Vietnam traffic
environment) —capturing the complexity of real-world road scenarios in Vietnam. The second
dataset is dedicated to Vietnamese traffic signs, covering diverse and localized sign types under
varying lighting and environmental conditions. As a result, we conducted two separate training
processes—one for segmentation and one for detection—whose performance is visualized in the
respective graphs. The graphs in Figure 9 indicate good training processes; the accuracy of the
detection model is approximately 97% for traffic signs, and the segmentation model acquired
favourable metrics: precision: 92%, accuracy: 95%, and mAP90: 0.75.
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Figure 9. Graphs of segmentation and detection training process
The A* algorithm successfully searches for a route from the Vietnam academy of Science and

Technology to The President Ho Chi Minh Mausoleum as show in figure 10. The generated path was

efficient in terms of distance and computational time, demonstrating the algorithm's effectiveness in
urban route planning.
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Figure 11. Result for top-view of autonomous vehicle

Modeling top-view plays an important role in controlling the system, where the path-finding
algorithms can be applied. In our results, we focus mainly on properties of the road and the objects
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on the road because they are segmented in the segmentation model. The front lane is estimated and

combined with segmentation masks to find the optimal path for the vehicle.

fl" e = -

Figure 12. Result of Traffic Signs Detection

In the experimental scenarios, traffic signs are detected, and their meanings are subsequently
analyzed by the long-term decision-making model. Based on this analysis, restrictions and
regulations are applied to the short-term decision-making model. The signs are arranged as the
Vietnamese traffic environment, where the system must integrate diverse traffic rule information due
to the variety of vehicles on the road. The signs in the experimental scenarios are detected, and their
meanings are consequently analyzed by the long-term decision-making model. The restrictions are

set and provisions to the short-term decision-making model.
- =

Figure 13. Result of lane, marking and vehicle segmentation

The masks cover precisely the instances in the image, where vehicle in the middle of the road.
Hence, those masks of instances can accurately be applied to different purposes. Our dataset is
acquired in Vietnam'’s traffic environment, where different lanes and vehicles can appear in a frame,
and the diverse segmentation of vehicles is required.
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Figure 14. Selected rays for obstacle distance estimation from segmentation masks
The potential angle of the detected object is exploited to extract precise rays regarding the object.

The above figure shows the potential rays, which are taken values to apply to formula (9) for
extracting precise rays of objects.

Distance Difference - Frame 75

-1 4

Distance Difference

—4

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Index

Figure 15. 2D Lidar signal analysis from filtered obstacle rays from segmentation masks

The precise rays reflecting the distance to objects are extracted by the difference between the
distances of adjacent rays. Figure 16 indicates the role of filtering potential rays from the
environment, where the peaks created by objects’ rays are easily separated from others.

2D Point Cloud - Frame 207

0.0 -0.2 -04 -06 -08 -1.0 -1.2 -14 -16
Y

Figure 16. Precise rays represent the object
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The extracted rays precisely reflect the distance from Lidar 2D to the object. With precise
distances, the vehicle’s system can evaluate the appropriate speed and steering angle.

3.1. Result of System Response

N AR

Figure 17. The system perceives objects and makes decisions.

The system adapts well to multiple detected objects of the environment that the fusion model
above perceives and analyzes. By evaluating the appropriate speed and steering angle, the vehicle
can avoid detected obstacles, move to the proper lane, and evaluate the surrounding environment in
real-time.

Figure 18. The system avoids objects and remains stable.

After overcoming obstacles and moving to the proper lane, the vehicle remains at a stable speed,
respects the restriction from signs, and continuously collects and processes information.
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Figure 18. The vehicle’s velocity in an experiment.

The graph shows a clear acceleration phase starting from rest, reaching a peak velocity of
approximately 6 km/h. The car maintains high-speed operation with moderate fluctuations before
decelerating smoothly to a near stop. Minor variations in velocity during the steady-state phase
suggest adaptive control behavior, possibly in response to environmental factors or trajectory
adjustments.

5. Conclusions

This research presents the development and integration of a comprehensive autonomous vehicle
system tailored to Vietnam's complex traffic conditions. By multi-sensor fusion and a hierarchical
decision-making architecture, the system demonstrates strong perception, navigation, and control
capabilities. The proposed models accurately segment lanes, markings, vehicles, pedestrians, and
detect Vietnam-specific traffic signs, ensuring robust situational awareness. The decision-making
modules, integrating long-term route planning with short-term reactive behavior, enable the vehicle
to navigate dynamically while adhering to traffic rules. Experimental results validate the system’s
ability to perceive, plan, and act reliably in real-world environments, achieving stable vehicle
operation, accurate obstacle avoidance, and compliance with traffic regulations. The outcomes
demonstrate the system's adaptability for deployment in the diverse traffic scenarios in Vietnam.
Future work will focus on enhancing system precision in more scenarios with adverse weather
conditions and improving stability.

Abbreviations

The following abbreviations are used in this manuscript:

LiDAR Light Detection and Ranging

GPS Global Positioning System

YOLO You Only Look Once

BEV Bird's-eye view
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