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ABSTRACT

This paper undertakes a deep investigation into the fabrication of a navigation system in which complex
environments pose challenges for accuracy, reliability, and adaptability. With the help of the latest sensor
fusion techniques, reliable adaptive algorithms, and machine learning models, our proposed system
outperforms existing localization techniques, such as those presented in Autoware's 3D Simultaneous
Localization and Mapping (SLAM) and Normal Distribution Transform (NDT) matching. The system
empirically demonstrates effectiveness compared with existing methods through the collection of data
during manual trolley relocation experiments and Robotic Operating System (ROS) simulations. This
process demonstrates an enhancement of both indoor and outdoor navigation performance. Through the
simultaneous utilization of multiple sensors, augmented with real-time dynamic self-adjustments and
pattern recognition capabilities, the system exhibits outstanding adaptability to individual environmental
conditions, resulting in consistent performance across different operating scenarios. This satisfies the
requirement for accurate environmental information in autonomous navigation and addresses the
challenges of localization accuracy and adaptability, making a comprehensive impact on the development
of autonomous vehicles, robotic systems in manufacturing environments, and other domains. Additionally,
the outcomes of this investigation broaden the perspective on the operation and application of autonomous
technologies, enhancing the safety, efficiency, and reliability of operations in dynamically changing
technological environments.

Keywords-mobile robots; autonomous navigation; localization systems; sensor fusion techniques; 3D-SLAM
technology; environmental adaptability

I.  INTRODUCTION

Autonomy in AMRs is achieved through the integration of

The rapid advancement of Autonomous Mobile Robots
(AMRs) marks a transformative stage in robotics and
automation, pushing these systems toward enhanced efficiency,
adaptability, and intelligence. Central to this progress is the
development of advanced self-localization technologies,
enabling robots to operate reliably in complex, dynamic, and
unpredictable  environments. Among various  sensing
modalities, 3D Light Detection and Ranging (3D LiDAR)
stands out for its exceptional precision, extended range, and
versatility compared to alternative solutions [1]. This study
addresses two core phases: designing a 3D LiDAR-based self-
localization system for an AMR and implementing it, focusing
on theoretical foundations, technical design aspects, and
associated challenges.

hardware and software subsystems, with self-localization
forming the foundation for essential functions such as path
planning, obstacle avoidance, and task execution. Reliable
localization, however, is challenging due to environmental
variability and the presence of unforeseen obstacles.
Traditional methods such as the Global Positioning System
(GPS) and ultrasonic sensors, while valuable, suffer from
accuracy limitations in indoor or obstructed environments and
are vulnerable to environmental interference [2]. By contrast,
3D LiDAR generates high-resolution spatial data for building
detailed  three-dimensional —maps, enabling accurate
environmental perception and precise localization [3]. Its
adoption has marked a significant leap forward in improving
autonomy and operational efficiency [4].
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The design of a 3D LiDAR-based AMR involves careful
hardware selection, robust data processing algorithms, and
efficient system integration. The choice of the LiDAR sensor
affects the field of view, range, and resolution, whereas
processing its output demands algorithms capable of noise
mitigation, managing incomplete datasets, and meeting real-
time computational requirements [5].

Simultaneous Localization and Mapping (SLAM) is a
widely used approach for 3D LiDAR-based localization,
enabling the robot to construct or update a map of an unknown
environment while tracking its position [6]. SLAM integration

improves localization  accuracy, enhances mapping
responsiveness, and reduces positional uncertainty [7].
Nonetheless, 3D LiDAR-based SLAM remains

computationally demanding and requires effective strategies for
handling dynamic objects [8]. Beyond localization, 3D LiDAR
enhances obstacle detection, terrain mapping, and safe human-
robot interaction. Applications span logistics, industrial
automation, surveillance, and search and rescue. This research
presents the design, development, and implementation of an
AMR using 3D LiDAR, advancing toward fully autonomous,
intelligent robotic platforms [9].

II. PROBLEM STATEMENT

The emergence of self-driving vehicles and mobile robots
demands advanced navigation and localization techniques for
real-time dynamic environments. While SLAM technology has
progressed significantly, challenges remain in achieving high
accuracy, efficiency, and adaptability to real-world conditions.
A primary issue is the computational complexity involved in
processing sensor data to attain sub-meter precision. This
requirement is mathematically expressed by (1):

C,.=C -N+Calg(D,S) (1

total data

Here, C,, is the
cost of processing a single data point, N denotes the number

of data points, C,,(D,S) is the algorithmic complexity,

denotes the computational cost, C,

lata

dependent on the dataset size D and sensor type S .

Furthermore, the accuracy of localization, crucial for safe
navigation, is quantitatively measured by the error metric:

E, = \/ (%

where (x,...V,.) and (x,.y, ) represent the true and

%)+ (Ve = Vo)’ )

estimated positions, respectively. Additionally, the adaptability
of SLAM systems to dynamic environments introduces the
problem of maintaining updated maps, which can be
conceptually formulated as:

M e (1) = f (M, AE,AO) 3)

update

where M, (¢) is the map at time 7, M, | is the map at time
t—1, AE represents environmental changes, and AO denotes
observed obstacles.

The characteristics of the current methods in the
computational, accuracy, and adaptability domains highlight

the urgency of innovations that can enhance autonomous
driving applications using SLAM systems. This study aims at
the development of a framework that reduces the system's
computational load, improves navigation accuracy in localized
areas, and increases the system's capacity to adapt to
environmental changes, thus addressing all the identified
problems and advancing navigation technologies in robotics.

III. MATERIALS AND METHODS

The Automated Guided Vehicle (AGV) system was
designed to enhance manual environmental mapping by
incorporating self-positioning and autonomous navigation
using the area's layout map. During assessments, it constructs a
map of its surroundings from 3D LiDAR point cloud data,
detecting wall features, comparing them with a 2D reference
map and wheel odometry, and applying a Monte Carlo particle
filter for localization [10]. Sensor integration includes
odometry with magnetic encoders for precise displacement via
Serial Peripheral Interface (SPI) communication [11] and
multidimensional LiDAR for generating detailed point cloud
images [12]. This enables accurate localization, obstacle
detection, and efficient navigation. The system's architecture
comprises three key components: sensor integration, mapping,
and navigability optimization (Figure 1).

Odometry

3D LiDAR point
cloud

Extracting
wall point cloud

Obstacle Detection

Assessment of the

robot's own position T UnEs

Converting a map to a

il gl Finding a path

Creating a path

Mobility of an
autonomous robot
Fig. 1. Basic control scheme of the mobile robot.

In the mapping phase, point cloud data from 3D LiDAR
and a layout map are used to refine positioning and incorporate
parameters [13]. Identifying walls within the point cloud
enhances localization accuracy, whereas Monte Carlo
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Localization (MCL) with a particle filter improves alignment
between the map model and LiDAR data [14]. During path
planning, the system sets a target, applies route-finding
methods, and autonomously navigates by detecting goals,
selecting optimal routes, and ensuring efficient movement
without operational restrictions.

A. The Hardware Module

In this research, the Shenzhen Yahboom Technology
Rosmaster X3 Plus mobile robot [15] served as the main
experimental platform. Running Ubuntu 20.04 on Robotic
Operating System (ROS)-Noetic via VMware, it features a
Jetson Orin NX with 16 GB memory for real-time navigation
and localization. The YDLIDAR 4ROS LiDAR [16] delivers
high-resolution 3D point clouds, complemented by an Astra
Pro depth camera, enabling precise perception. This hardware—
software integration supports seamless autonomous navigation,
making it an effective tool for our study.

Figure 2 demonstrates the AGV system layout, which is
based on the two-wheels cart setup. This setup comprises a cart
with 3D LiDAR technology and a PC, which is used for data
processing. The original setup was modified using a standard
bogie, where the front wheels were replaced by the free-wheel
casters to make the turnarounds easier, and the rear wheels
were upgraded to geared Direct Current (DC) motors to
provide the required propulsion.

Fig. 2.

Applied mobile robot.

The motor drive mechanism arrangement is shown in
Figure 3(a). In addition, a magnetic encoder has been fixed to
the platform of the motor, as highlighted in Figure 3(b). The
encoder uses a rotating magnet connected to the shaft and a
sensor fixed to the housing to measure the shaft's rotation angle
without physical contact. The magnetic encoder, providing
rotation angle data, is critical for computing the AGV's traveled
distance and, consequently, for precise positioning. The key
specifications of the hardware components used in the system
are summarized in Table I.

TABLE 1. COMPONENT SPECIFICATIONS
Component Specification
DC motor Voltage: 12 V; Power: 4 W; Rotation speed:

12,000 rpm; Gear ratio: 56:1
Voltage: 3.3-5 V; Current: 4 A; PWM control
frequency: 100 kHz; Control voltage: 1.8-5.5 V
Voltage: 11 V; Interface: SPI PH2.0 6-pin;

Motor driver

Magnetic encoder

AS5048A Resolution: 14 bit (16,384); Max sampling: 12 kHz
3D LiDAR Horizontal: 360°; Vertical: 0.13°; Range: 0.05—
YDLIDAR 4ROS 30 m; Rotation rate: 5-12 Hz; Accuracy: £3 cm
Jetson Orin NX OS: Ubuntu 20.04; CPU: 8-core Nvidia ARM
16 GB Cortex; RAM: 16 GB; GPU: 1024 cores Nvidia

Ampere; ROS: Melodic

Encoder geared motor + motor bracket

(a) (b)

Motor drive setup: (a) DC motor setup, (b) encoder configuration.

Fig. 3.

B. Odometry and 3D LiDAR Fusion

The integration of 3D LiDAR and wheel odometry enables
the robot to build a detailed understanding of its environment
while accurately tracking its movements. Wheel odometry
calculates the distance traveled by analyzing wheel rotations,
measured through encoders attached to each wheel. Given the
wheel radius and the number of encoder ticks, the traveled
distance can be mathematically derived. This fusion of
odometry with LiDAR data enhances localization accuracy by
compensating for drift and ensuring consistent position
estimation. If r is the radius of the wheels and N is the
number of encoder ticks observed, the distance D traveled by
each wheel can be computed as:

N
4
N total j ( )

, 1s the total number of ticks per wheel rotation.

D= 27tr(
where N,

tota

For a two-wheeled robot, the distance traveled D,, and

change in orientation A@ are given by:

D, +D
D, ==k )
26=2 ©

where D, and D, are the distances traveled by the left and
right wheels, and W is the width between the wheels.
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3D LiDAR technology creates a point cloud representing
the surroundings. Such data provide a thorough understanding
of robot's movement and orientation by giving external
reference points. Integrated with the wheel odometry, the
LiDAR corrects any drifts and errors that the wheel odometry
may accumulate over a period.

The fusion of odometry and 3D LiDAR data utilizes the
following approach:

e Initial estimation: Apply wheel odometry to evaluate the
robot's movement.

e LiDAR correction: Compare the LiDAR-generated point
cloud to the map to identify discrepancies caused by
odometry errors.

e Data fusion: Implement a fusion algorithm, for example, the
Kalman filter, to integrate odometry and LiDAR data. This
process is governed by:

')Ek\k = )Ack\k—l +K, (yk _H'Seklk—l) @)

where %, is the a posteriori state estimate, %,,_, is the a

priori estimate, K, is the Kalman gain, y, represents the
measurement (LiDAR data), and H is the measurement
matrix relating the state to the measurement [17].

e Update position and orientation: Adjust the robot's
estimated position (x, y) and orientation (#) based on the

fused data:

x'=x+Ax
y'=y+Ay (8
0'=60+A0

By integrating wheel odometry with 3D LiDAR data, the
robot enhances position and orientation accuracy, minimizing
errors from wheel slip or rough terrain. This fusion ensures
precise tracking, reliable mapping, and robust autonomous
operation, enabling effective navigation in complex, dynamic
environments with improved stability and performance.

C. Localization

The 3D LiDAR-enabled navigation of the mobile robot in
this study is based on a localization mechanism realized by an
accurate algorithm that helps the robot determine its position
within its environment. In this section, we explain in detail the
mathematical background and internal operation of the
localization algorithm utilized in our system, showcasing the
integration of 3D scanning data for enchanced node
localization accuracy.

e MCL: At the bottom of our localization algorithm lies a
common technique known as MCL or particle filter
localization. This probabilistic approach utilizes a set of
particles to symbolize the robot's possible position and
orientation (states) within the environment. Every particle is
assigned a weight that reflects the likelihood of the
particle's state based on the LiDAR data scan and the
robot's motion.

e Particle representation: Each particle i in the set can be
represented as:

P, =(x.5.6)) )

where x,,y,,6, denote the particle's position and

orientation.

® Weight calculation: The weight w; is calculated for each

particle taking into account the degree of matching between
the predicted sensor readings for the particle's state and the
actual sensor readings provided by the 3D LiDAR:

w,=P(z 1 p,) (10)

where z, is the LiDAR measurement at time ¢ , and
P(z, | p,) is the likelihood of observing z, given the state

represented by particle i .

e Resampling: Particles are resampled according to their
weights, with higher-weight particles being more likely to
be selected. This focuses the particle set on the most
probable region of the robot's position.

e Incorporation of 3D LiDAR data: Integrating 3D LiDAR
data into the MCL algorithm enhances localization
accuracy by comparing environmental map details with the
map model [18]. The high-resolution point cloud enables
precise weight calculation for each particle. The 3D LiDAR
sensor model converts sequential point cloud data into a
probabilistic format for map comparison, effectively
transforming 3D information into 2D data aligned with the
map's specifications. This process allows a substantial
number of particles to be processed, improving robustness
and reliability in localization performance [19].

e Motion update. A motion update is performed before each
particle receives a weight calculation according to the
robot's reported movement. The particle positions and
orientations are updated to reflect the robot's dynamics
based on odometry data. The motion model can be
expressed as:

p,=p,+Ap(u,.€) (11)

where p, is the updated particle state, Ap is the change

due to the control input u, at time ¢, and € is motion
noise.

D. Obstacle Avoidance Algorithm

Obstacle avoidance in autonomous navigation involves two
main processes: detecting obstacles and planning an alternative
route to bypass them. For instance, if the intended path
encounters an obstruction on the left, navigational coordinates
are stored as a way-set, each with a defined detection area. This
area, modeled as a cylindrical zone around each waypoint,
functions as a sensory network for obstacle recognition. Within
this range, any detected set point that is not attributed to the
ground indicates an obstacle; therefore, the area is non-passable
as illustrated in Figure 4.
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Initial Path
’ Ear'y
Detection planned
Zone / N\ path
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considering
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L) 6 »

Continuation of
the previously
planned path

Fig. 4. Obstacle avoidance: The robot detects obstacles within its
detection zone and adjusts its path to navigate around the obstacle while
continuing along the planned route.

The obstacle avoidance mechanism marks blocked spots
and navigates around impediments using mapped alternative
corridors. This detection algorithm evaluates possible detours,
selecting a contiguous path on one side for the route-finding
algorithms to execute. If obstructions block both sides, the
vehicle halts until a clear detour is available. This responsive
method enables the vehicle to adapt to environmental

(©
Path-planning process: (a) planning from left to right, (b) planning from bottom to top, (c) ongoing path-planning process, (d) completed path-planning

Fig. 5.
process.

Figure 6 illustrates the robot's 3D path-planning process,
showcasing the steering strategies employed in cluttered
environments. The diagram reveals how the system

variability, maneuvering efficiently around obstacles. By
integrating real-time detection with dynamic path planning, the
system ensures flexible, reliable navigation even in complex
and unpredictable operational settings.

IV. EXPERIMENT RESULTS

This section evaluates the accuracy of the generated layout
map, which is crucial for reliable self-localization, and assesses
the system’s overall performance. Validation was conducted
against Autoware v1.14.0 [20], an open-source 3D-SLAM
platform under the Linux ROS framework [21-23], which uses
the Normal Distribution Transform (NDT) matching algorithm
[24] for precise scan alignment. Our method was tested by
moving a mobile trolley through various factory zones,
complemented by ROS-based simulations. This combined real-
world and simulated assessment confirms the system's
robustness and practical applicability in complex industrial
environments.

Figure 5 presents a diagrammatic representation of the
navigation process in a two-dimensional environment. Figures
5(a) and 5(b) illustrate the initial stage, where the path-planning
phase begins, setting the foundation for subsequent navigation
decisions. Figure 5(c) depicts the ongoing path-planning
process, highlighting its iterative nature as the robot adjusts its
route while moving in different directions. Finally, Figure 5(d)
shows the last step, with the finalized map produced at the end
of the journey. This sequence of images effectively illustrates
the progression from initial path creation to adaptive

adjustments during motion, culminating in a complete and
accurate map of the traversed path.

(d

continuously evaluates and adjusts its trajectory in real time,
effectively handling diverse terrains and avoiding obstacles. It
highlights the robot's ability to perceive and interpret its
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surroundings in three dimensions, leveraging advanced

algorithms to ensure precise and adaptive navigation. These
algorithms enable the generation of a detailed 3D map upon
completion of the path. The figure emphasizes the complexity
and dynamism of modern 3D path planning, reflecting
significant advancements in autonomous vehicle technology
toward accuracy and efficiency in challenging environments.

mate .~ 20NavGoal @ Publish Point

280.65 ROSElapsed: 118166 Woll Time: 133728.70 wall Clipsed: 118165
i@ Wheel:: Zoom. Shift: More options.

Fig. 6. 3D path planning with multiple viewing angles.

Figure 7 shows the developed mobile robot with an
integrated 3D LiDAR sensor operating in a real-world
environment, highlighting its design and functional capabilities.
The 3D LiDAR provides high-precision environmental
perception for real-time navigation, enabling obstacle
detection, steering decisions, and accurate localization. As the
robot traverses a designated area, it processes LiDAR data to
adapt to environmental changes, ensuring safe and efficient
movement. This demonstration illustrates the seamless
integration of sensing, processing, and control, showcasing the
practical application of theoretical designs.

Figure 8 shows the mobile robot performing obstacle
avoidance using its 3D LiDAR system. The image captures the
moment the robot detects and navigates around obstacles in its
path. The 3D LiDAR provides real-time, high-resolution
environmental data, allowing precise object detection and
enhanced spatial awareness. This enables the robot to
dynamically adjust its trajectory for safe navigation. The
scenario demonstrates the effectiveness of LiDAR-based
obstacle detection and avoidance, highlighting the system's
adaptability in complex environments. It exemplifies the
integration of advanced sensing and computational
technologies, showcasing the developed robot's practical

performance and operational efficiency in autonomous

navigation tasks.

Fig. 7. Mobile robot navigation using a 3D LiDAR sensor.

Fig. 8.

Mobile robot navigation using an integraded 3D LiDAR system.

V. DISCUSSION

This section discusses the results from our study on
advanced localization for autonomous navigation, showing
improved precision, reliability, and adaptability over existing
3D-SLAM frameworks, especially Autoware's NDT matching,
through enhanced sensor fusion and adaptive processing.

A. Comparison with Existing Technologies

The evolution of SLAM technologies has resulted in
multiple approaches that differ in sensor input, algorithmic
design, adaptability, and operational constraints. Autoware's
NDT matching [25] is a well-recognized benchmark for point
cloud alignment but struggles in GPS-denied or highly
dynamic environments. LiDAR-based SLAM methods [26]
improve precision in structured areas but can be
computationally expensive.
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Adaptive SLAM frameworks [27] address environmental
variability, though they may require frequent recalibration.
Multi-sensor fusion techniques [28] enhance robustness
through diverse data integration but increase system
complexity. Cooperative multi-robot SLAM [17] expands
coverage but introduces  synchronization  overhead.
OpenStreetMap-based LiDAR localization [29] supports urban
scenarios with prior map availability but is less effective in
uncharted areas. RadarSLAM [30] delivers high performance
in adverse weather conditions but with reduced resolution.
Cooperative LiDAR SLAM [24] benefits multi-vehicle
networks but depends heavily on communication reliability.

Our proposed method integrates 3D LiDAR with odometry

in an adaptive sensor fusion architecture, dynamically
weighting sensor confidence and incorporating motion
feedback for drift reduction. Empirical and simulated

evaluations confirm its superior accuracy, adaptability, and
energy efficiency across structured and unstructured indoor—
outdoor environments. As summarized in Table II, the
proposed method consistently outperforms existing approaches
in terms of adaptability, drift compensation, and operational
efficiency, particularly in heterogeneous indoor—outdoor
environments.

TABLE IL. COMPARATIVE ANALYSIS OF LOCALIZATION APPROACHES
Reference & Primary . . GPS-denied Adaptability to Energy Drift Tested
. Algorithmic approach . . . . .
approach sensor input environment dynamic scenes | efficiency compensation environments
. Adaptive fusion with Structured +
Proposed method 313 dI;ﬂn?gR + dynamic weighting + High High High ( feij(i)\;illl(cfjo ) unstructured
Ty motion feedback P (indoor—outdoor)
(23] N.D T 3D LiDAR Statlc.pomt cloud Moderate Limited Moderate Basic Structured
matching alignment
[26] LiDAR- . L o . .
based SLAM 3D LiDAR Iterative scan matching High Moderate Low Basic Structured + urban
[27] AdaptSLAM | 3D LiDAR Adaptive mapping High High Moderate Moderate Structured +
algorithms dynamic
(28] Mul.t i-sensor | LiDAR +IMU Sensor. fusion High High Low Moderate Structured + mixed
fusion + camera algorithms
. LiDAR + o
(171 Multl-.r obot multi-robot Dlstrlbutgd SLAM High Moderate Low Moderate Outdoor structured
cooperation data fusion
[29] LiDAR- 3D LiDAR + SR . . .
OSM localization OSM data Map-assisted matching High Moderate Low Basic Structured + urban
[30] RadarSLAM Efgi{f: Radar-based SLAM High High Moderate Moderate All-weather
[24] Cooperative Multi-vehicle Cooperative SLAM .
LiDAR SLAM LiDAR fusion High Moderate Low Moderate Outdoor structured

B. Technical Challenges and Solutions

Autonomous navigation in dynamic, cluttered environments
faces challenges such as sensor noise, signal loss, and
environmental variability. GPS is unreliable indoors, LiDAR
struggles with reflective surfaces, and cameras are sensitive to
lighting changes [29]. Our approach uses advanced sensor
fusion, where each modality compensates for the others'
weaknesses. An adaptive fusion algorithm adjusts based on
sensor confidence and environmental feedback, ensuring robust
localization. Machine learning models improve anomaly
detection and correction capabilities. Real-world and simulated
tests validated consistent performance across indoor, outdoor,
and transitional environments, confirming system reliability
[27].

VI. CONCLUSION

This study advances autonomous navigation by introducing
an innovative localization system that integrates advanced
sensor fusion, adaptive algorithms, and machine learning
models to achieve exceptional localization accuracy, efficiency,
and adaptability across diverse environments. Comparative
evaluations of 2D Simultaneous Localization and Mapping
(2D-SLAM) and Normal Distribution Transform (NDT)
matching against Autoware demonstrated substantial gains in
precision and consistency, particularly in dynamic and

unstructured conditions. Comprehensive validation, combining
empirical data collection and Robot Operating System (ROS)-
based simulations, confirmed the system's robustness and
suitability for future unmanned platforms. By addressing core
challenges in localization accuracy and system performance,
this research supports safer and more reliable autonomous
mobility solutions. The proposed system offers broad
applicability in domains such as autonomous vehicles,
industrial robotics, and aerial drones, with flexibility for urban
navigation, industrial automation, and other complex scenarios.
Looking forward, the approach establishes a strong foundation
for further refinement and integration into next-generation
autonomy frameworks. As automation and the Internet of
Things (IoT) expand, adopting such technologies will be key to
realizing fully integrated, intelligent, and efficient autonomous
systems.
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