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Abstract. This work provides a comprehensive framework for the autonomous path planning and navigation
for smart manufacturing workshops with a material handling robot in focus. This is achieved through multi-
source sensor fusion which involved LiDAR, cameras, and inertial measurement units (IMUs). Multi-source
sensor fusion increases the robot’s perception and navigation capabilities in dynamic environments. This ap-
proach allows the robot to make contemporaneous and adaptable decisions in response to changing workshop
conditions. The advantages include ability to detect obstacles in the environment, more efficient route found
within a smart workshop environment, and better movement in more complex conditions through adaption to
unexpected changes in the robot’s environment. The experimental evaluations clearly show the effectiveness
of the proposed navigation system for a material handling robot using multi-source sensor fusion compared
to standard single sensor based navigation systems. This has shown that multi-source sensor fusion offers a
significant improvement in navigation efficiency, effective stability, robustness, and resilience. These findings
reinforce the particular importance of multi-source sensor fusion for improving development of intelligent
automation for industrial applications which directly contribute to the evolution of Industry 4.0 and the evolu-
tion of autonomous and reliable robotic systems that facilitate material transport.
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1 Introduction

The fast-developing Industry 4.0 has completely disrupted the conventional model of manufacturing and pro-
duced a new paradigm characterized by intelligent automation, ubiquitous connectivity and data-driven deci-
sions. In this new era of manufacturing, material handling robots have a crucial role to play in intelligent man-
ufacturing systems [1]. The robots must take on the task of moving raw materials, parts and finished products
through complex workshop environments to achieve operational efficiencies, reduce costs and ensure continuity
of production.

While material handling robots are becoming increasingly relevant, the technology required to enable fully
autonomous navigation remains an enormous challenge [2]. The boundaries of a manufacturing workshop are
dynamic, with constantly changing floor plans, human-machine interaction, moving machines and unpredictable
obstacles encountered within the workspace. To be effective, material handling robots must be capable of a high
level of perception, adaptability and decision-making correctness. Conventional robot navigation systems are
based on a single sensor technology [3], such as lidar or visual cameras, either of which have limited perception
and action capabilities in dynamic scenes of conventional material handling. The ability to navigate via percep-
tion is subject to sensor truth and accuracy errors, which include occlusion of visual data, inertial measurement
inaccuracy, and data sparsity associated with lidar in some contexts.

This study aims to address the problems by proposing a robust autonomous navigation framework that is
based on multi-source sensor fusion, which incorporate LiDAR, camera, and inertial measurement unit (IMU)
sensors. The idea of sensor fusion is to take advantage of the complementary characteristics of each sensor and
achieve a more accurate perception of the environment, real-time path planning, and careful obstacle sensors
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avoidance [4]. The sensor fusion framework enhances situational awareness and adaptability of the robot and
aims to be applicable for modern smart manufacturing workshop settings. Not only does this allow for reliable
navigation in cluttered and dynamic scenarios, but it also contributes to achieving broader automation, scalabili-
ty, and resilient objectives for Industry 4.0.

2 Related Work

Integrating multi-source sensor fusion into autonomous path planning and navigation for material handling
robots has become a research focus in the fields of smart manufacturing and intralogistics, with increasing ev-
idence demonstrating its transformative impact on perception, decision-making, and operational robustness.
Sensor fusion technology enables autonomous mobile robots (AMRSs) to fully and accurately understand their
environment by combining multiple modalities, thereby overcoming the limitations of single-sensor systems.
For example, Leong and Ahmad [5] showed that AMRs equipped with multiple vision and lidar sensors can
achieve comprehensive 3D perception, which is essential for stable navigation in cluttered and complex work-
shops. Complementary research in autonomous vehicles further confirmed that the integration of heterogeneous
sensor inputs can enhance obstacle detection and situational awareness [6], and these findings can be directly
applied to factory floor robots. Manimurugan et al. [7] emphasized that sonar sensor feature extraction combined
with multi-sensor information fusion (MIF) can achieve more reliable navigation in dynamic or obstacle-filled
environments, thereby enhancing decision-making capabilities under uncertainty, which is essential for efficient
intralogistics in factories [8]. Industrial applications such as ROS-Industrial have demonstrated that real-time 3D
scan data can be used for trajectory planning, providing strong evidence for the practicality of sensor fusion in
operational environments [9]. Cognitive robotics research shows that the analysis of fused multimodal data en-
ables robots to adaptively navigate in dynamic environments where static maps are insufficient, effectively avoid-
ing obstacles and adapting to the environment [10]. Beyond single-robot systems, the literature also emphasizes
the value of sensor fusion in multi-robot coordination, where shared sensor data facilitates collision-free path
planning, enhances route optimization, and improves collective throughput and safety [11]. Looking ahead, the
combination of sensor fusion with Al-driven and even quantum-assisted motion planning algorithms opens new
avenues for improving the efficiency, scalability, and intelligence of autonomous navigation [12]. Taken together,
these insights suggest that multi-source sensor fusion can not only improve the accuracy and resilience of navi-
gation and path planning for material handling robots, but also lay the foundation for the capabilities required to
meet the increasingly complex intelligent intralogistics of smart manufacturing workshops.

3 System Architecture and Sensor Setup

The autonomous navigation system proposed is executed on a mobile robot, which has received an autonomous
mapping and perception update, containing a multi-modal sensor suite, to improve perception and localization
in smart manufacturing settings. The list of sensors includes a LIDAR, which creates high-resolution 360-degree
point clouds that can be used to accurately measure distances and produce maps. It also contains a sterco camera
[13], which gives both depth and RGB information and is capable of semantic understanding of the workspace.
A stereo camera can be especially useful when it comes to detecting complex or low-contrast obstacles. The last
type of sensor available on the mobile robot is the IMU, which creates 3D estimates of linear acceleration and
angular velocity that would ultimately contribute to maintaining trajectory stability. These types of heterogeneous
data streams are most effectively accomplished, through sensor fusion with an Extended Kalman Filter (EKF),
which utilizes a nonlinear recursive estimator to combine sources of observations to provide accurate state esti-
mation as close to real time as possible. During the prediction step of using the EKF, motion models based on the
outputs of the IMU are used; during the update step, observations of LiDAR and camera sensors come together
to provide an accurate estimating of position and orientation. Through the use of sensor fusion, the mobile robot
is expected to maintain an awareness of the environment constantly, enabling the robot to provide real-time map-
ping, situationally aware path planning, and avoidance of obstacles in a dynamic and transitional workshop.

332



Journal of Computers Vol. 36 No. 5, October 2025

3.1 State Vector

The state vector is a mathematical representation that summarizes the complete dynamic state of a robot at a giv-
en time step ¢. It concisely and comprehensively describes the robot’s pose and kinematic variables, which are
the basis for navigation, control, and estimation algorithms. In a two-dimensional workspace, the state vector can
be formally expressed as:

This vector defines the full state of the robot at time t, including its 2D position (x,, y,), orientation (yaw angle)
8,, linear velocity v,, and angular velocity w,. These variables together characterize the robot’s pose and dynamic
behavior within the environment.

3.2 Prediction Step

The prediction step constitutes the first stage of the recursive state estimation process. Its primary function is to
generate an estimate of the robot’s current state at time t, using the previous state at time t and the control inputs
applied during the transition. This step does not yet incorporate sensor measurements; instead, it relies entirely
on the robot’s kinematic or dynamic motion model to propagate the state forward in time. Prediction can be for-
mally expressed as:

‘)2; = f(xl—lﬂut) + W; (2)

In this step, the filter predicts the robot’s current state based on its previous state x,_, and control input u,. The
function f is a nonlinear motion model derived from the robot’s kinematics.

3.3 Measurement and Update Step

The update step constitutes the second stage of the recursive filtering process, in which sensor observations are
incorporated to optimize the predicted state. While the prediction step generates a prior estimate using only the
motion model and control inputs, this prior estimate can drift from the true state due to unmodeled dynamics or
accumulated process noise. The update step mitigates this drift by fusing real-time sensor measurements with the
predicted values, resulting in a more statistically accurate and reliable posterior estimate. Mathematically, each
sensor:

Z0 =H"GE)+V 3)

Each sensor i provides a measurement Z”, which is linked to the predicted state via a nonlinear observation
function H". The measurement noise 7, is also assumed to follow a Gaussian distribution. The following steps
correct the predicted state:

K, =B ~H!(H,F H/+R)" @

t

The Kalman gain K, determines how much the filter should trust the sensor measurement relative to the pre-
diction. H is the Jacobian matrix of the observation model, and R, is the measurement noise covariance matrix.
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The corrected state X, is obtained by adding the innovation scaled by the K-alman gain.
h=(U-KH)F (6)

This step updates the uncertainty of the state estimate. A larger Kalman gain implies stronger reliance on
sensor data, while a smaller gain indicates more confidence in the prediction model. The EKF produces reliable
sensor fusion by repeating these steps, continually improving the robot’s location and representation of its envi-
ronment [14]. It also compensates for the shortcomings of individual sensors and provides a reasonable estimate
of the robot’s trajectory even in uncertain or dynamically changing situations, making it a required resource that
supports reliable navigation in practical robot applications.

4 Navigation and Path Planning Algorithm

The system in Fig. 1 uses a layered navigation and path planning architecture: the top-level A algorithm generates
the global optimal path; DWA dynamically adjusts the local trajectory in a dynamic environment; sensor fusion
provides environmental perception and replanning; and the bottom-level PID controller ensures trajectory track-
ing and smooth motion. The material handling robot’s navigation scheme is based on a hierarchical architecture
that separates the aspects of global plan, local adjustments, environmental-awareness in real-time, and motion
control to overall combine the best of long and short range, which is a critical aspect in dynamic and uncertain
manufacturing shops in Table 1.

A*: Collision-free path

l

Top: Global Planning A* DWA: Avoid obstacles

|
‘ Middle 1: Local

nsor: Tri r replannin
Modification DWA ‘ Sensor: Trigger replanning

g .

Middle 2: Sensor Fusion | PID: Track trajectory

. —

‘ Bottom: Motion Control PID |

Fig. 1. Hierarchical navigation and path planning framework

Table 1. Navigation and path planning summary

Component Function Key features
Global Path Planning (A* Algorithm) Generates an optimal, C(?lhslon-free path Occ1'1pa.mcy grid-based, uses
from start to target location heuristics

Dynamically adjusts the robot’s trajectory

. . Evaluates feasible short-term
in real time

Local Path Modification (DWA)

Sensor Fusion for Real-Time Combines sensor data to maintain contin- . .
. . Fuses inputs from LiDAR
Replanning uous environmental awareness
Tracks and minimizes deviation from the

Motion Control (PID Controller) Uses proportional, integral

planned path
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4.1 Global Path Planning: A* Algorithm

At the global path planning level, the A* algorithm is a commonly used one to create the optimal path for a ro-
bot’s starting location to a target location. The A* algorithm derives the global optimality of Dijkstra’s algorithm
and the speed of Greedy Best-First Search by analyzing each node using a cost function. The static, known, work
environment of the factory is conducive toward using A; usually the factory is modeled in an occupancy grid
with the obstacles like walls and machinery marked to be avoided, allowing A to easily search this occupancy
grid for a collision-free path [15]. Conceptually, A* begins by initializing start and goal, then expanding the node
with the lowest total cost. A* would effectively skip over nodes that contain obstacles or nodes that have already
been traversed, and find the goal node. After reaching the goal node, the path can subsequently be reconstructed.
The path that A yields is the reference trajectory for the robot’s first load, resulting in the robot travelling safely
and efficiently from the loadment location to the staging location across the factory floor. Utilizing a heuristic
function, which by convention is the euclidean or manhattan distance of the robot’s trajectory, A* is able to find
an optimal path quickly in complex, yet static industrial environments, providing the robot with the efficient, pre-
dictable, and reliable navigation planning in which to successfully avoid obstacles along its trajectory.

4.2 Local Path Modification: Dynamic Window Approach

The A* algorithm is very effective at computing the global optimal path in static environments, but its ability
to handle unpredictable dynamic entities is far beyond its capabilities [16]. Therefore, the dynamic window ap-
proach (DWA) is used as a complementary local planner that is able to avoid obstacles and modify the trajectory
in real time. DWA works by generating a finite set of acceptable motion commands based on the robot’s kinemat-
ic and dynamic constraints (including maximum linear velocity, angular velocity, and acceleration limits), and
then simulating the resulting short-term trajectories. Each candidate trajectory is evaluated using an objective
function that considers several criteria: obstacle avoidance, to ensure that there is no collision with locally sensed
obstacles; heading alignment, to guide the robot towards its global goal and align with the long-term plan; veloc-
ity preference, to maintain efficient forward motion; and smoothness and stability, to reduce abrupt changes in
commands and maintain safe and stable behavior. By scoring all candidate trajectories and selecting the optimal
one, DWA ensures that the robot executes dynamically feasible and safe control commands. Crucially, this pro-
cess is continuously repeated in a “perceive-evaluate-act” cycle, enabling the robot to gradually adapt to changes
in its environment—for example, avoiding a pallet placed on the floor, maneuvering around a human worker
crossing its path, or adjusting to unforeseen obstacles—all without deviating from its global trajectory. This bal-
ance between short-term reactivity and long-term consistency ensures that local adjustments align with the global
A* plan. Furthermore, by restricting the search space to a dynamically feasible range of velocities (the so-called
“dynamic window”), DWA ensures computational efficiency, making it well-suited for embedded real-time ap-
plications in material handling robots. In summary, DWA complements the global planning capabilities of A*
by introducing a reactive short-term planner that ensures safety, efficiency, and smoothness, enabling material
handling robots to simultancously maintain long-term optimality and short-term adaptability, enabling robust op-
eration in dynamic and uncertain smart manufacturing environments.

4.3 Sensor Fusion for Real-Time Replanning

For any real-time navigation system, it is critical for the robot to constantly sense and understand the environ-
ment in which it is operating, in real-time. Using multi-sensor fusion, pool the data from LiDAR, stereo cameras,
and inertial sensors into a situation awareness algorithm, and fusing the different sensor data will be carried out
in a way that the robot is continuously interpreting environmental conditions over the duration of its operation.
By doing so, the robot can have an understanding of changing conditions including, newly placed obstacles, pal-
lets placed on the floor, other workers crossing its surroundings, etc. In situations where our robot pathways may
encounter new environmental conditions, the system will react locally to change the robot trajectory, through
a mechanism known as the DWA, which will allow for rapid, short-term path replanning methods for collision
avoidance to take place without significantly interrupting the robot’s operation and navigating in the environ-
ment. In more complex cases of operating in the environment where a global path is blocked by multiple or large
obstacles, then the system can use the A* algorithm for global replanning methods. The robot will continue to
adapt and react by continuing the action-feedback loop that informs the system of the new operating conditions
to ensure safe and efficient navigation, especially in unpredictable or dynamic environments.
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4.4 Control: PID Controller

Once the robot has chosen a trajectory, either from the global A* planner or a locally replanned path from the
dynamic window approach, it must then follow the trajectory in real-time and accurately. One method, common-
ly used in mobile robot control, to accomplish the real-time control of the robot’s motion to follow the planned
trajectory is defined as proportional-integral-derivative (PID) control. PID control schemes track the difference
between the robots current position and the planned point on the trajectory. PID controllers consist of three parts:
the proportional component reacts to the current error, the integral component accounts for the past cumulative
error, and the derivative component estimates the future error using the current error-rate. The PID controllers
will let the robot know how to update its motion commands, wheel speeds or steering angles, in the efforts to de-
crease the offset from the path the robot is trying to follow. PID control allows the robot to follow smooth turns,
to gradually accelerate and decelerate, and to maintain stability due to environmental changes. Because the PID
controller is a continuous feedback loop, it allows for real-time correction of small disturbances or mechanical
imperfections so that the input to the robots motion will remain accurate, consistent, and safe for navigation.

5 Experimental Setup

The experiment was conducted in a simulated smart manufacturing environment that represented real industrial
complexity. The mobile robot was tasked with autonomously transporting materials between known fixed lo-
cations while responding to changing conditions, including moving obstacles and different layouts. Fitted with
LiDAR, ultrasonic sensors, and an inertial measurement unit, the robot utilized sensor fusion to achieve real-time
awareness and decision-making. Its performance was assessed on navigation accuracy, obstacle avoidance, re-
sponse time and use of resources. Many trials were conducted for reliability, and the data collected were analyzed
to determine system strengths and opportunities for improvements in autonomous navigation.

5.1 Environment Description

The experimental research takes place in an artificial smart manufacturing workspace that was painstakingly cre-
ated to reflect the complexity, uncertainty, and constraints of actual industrial conditions. The space is configured
to have multiple pre-defined zones established for material handling functions, loading, unloading, staging areas.
These zones are connected through a network of pathways the mobile robot able to operate independently while
performing material transport. The pathways support structured testing of navigation algorithms while simulating
operationally relevant conditions. To present a more realistic testing environment, dynamic obstacles are added
randomly and in real-time, virtual forklifts representing autonomous vehicles, mobile equipment symbolizing
movable industrial assets, and human worker avatars. The dynamic obstacle’s movements are preprogrammed
and maximally unpredictable for the purposes of mimicking reality, requiring the robot to locally detect and re-
spond to obstacles while simultaneously moving and attending to their mission. The robot’s navigation system
must adjust by re-calculating the maximum velocity it can sustain and its best path using its environmental read-
ings. The robot’s motion parameters are altered using the dynamic window approach (DWA) and selects a viable
velocity (v, w) that provides maximum benefit to minimize its cost function considering safety constraints:

G(v,w) = a-heading(v,®) + [ - clearance(v, w) — y - velocity(v, ®) 7

Here heading (v, w) measures alignment with the goal direction, clearance (v, ) quantifies proximity to
obstacles, velocity (v, w) encourages efficient forward movement, «, S, y are tunable weights balancing these
objectives. Furthermore, the environment has different spatial configurations in various trials to test the robot’s
adaptability. The robot will navigate through narrow corridors demanding fine motion control, open areas opti-
mizing speed, and areas with clutter demanding obstacle avoidance. Increasing spatial diversity challenges the
navigational system to navigate under the full range of real-world constraints while maintaining stable, efficient,
and collision-free motion through changing environmental and spatial conditions.

Overall, the experiment is setup to provide a complete evaluation of the robot’s autonomous navigation capa-
bility emphasizing adaptability, spatial awareness, and robustness under variable constraints as necessitated by
safe and efficient operation typical in modern manufacturing operations.
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5.2 Robot Configuration

The integrated sensing and computational system of the mobile robotic platform in the setup can perform autono-
mous sensing, real-time control decisions, and dynamic path-planning. The sensor system captures environmental
sensing data at a range of spatial and dynamic scales to provide a stable and reliable method of navigation. The
main environmental sensing method of the robot is a two-dimensional Light Detection and Ranging (LiDAR)
system. The LiDAR system emits laser beams, and by measuring the time-of-flight of the reflected signals, the
robot can generate an accurate spatial map or point cloud of its local environment in real time. The distance to an
object at angle 6 can be found as follows:

c-1(0)

d()="—

@®)

Where d(6) represents the distance, ¢ equals the speed of light, and #(6) represents the time delay of the laser
to return. The polar distance data is then translated into a 2-D occupancy grid, enabling the detection of obsta-
cles, classification of free space, and enabling path planning.

Four ultrasonic sensors on the system complement the LiDAR’s field of view. This is especially helpful in
confined space or occluded areas since ultrasonic sensors measure proximity using sound waves. Ultrasonic sen-
sors are adept at detecting soft materials or close and nearby objects that light may not reflect as well off to return
to the LIDAR. The distance R to the object is calculated by:

-t
R — vsoundz echo (9)

Where v,,,,, is the speed of sound in air and ¢,,,, is the time delay between signal emission and reception.
These ultrasonic sensors ensure redundancy and increase detection reliability, especially in cluttered environ-
ments.

Additionally, the robot integrates a high-performance IMU. The IMU fuses data from multiple internal sensors
measuring linear acceleration (a), angular velocity (w), and magnetic orientation. This enables the estimation of
the robot’s pose p(f), velocity v(¢), and attitude 6(f) over time using motion models such as:

W(t) = j a(t)dt, p(t) = j v(t)dt (10)

This continuous update provides stable motion control and sensor redundancy in the case that source data is
noisy or temporarily unavailable. The robot’s onboard computer synthesizes this multi-modal sensory informa-
tion by implementing a sensor fusion algorithm commonly based on an EKF or probabilistic grid mapping. The
EKF estimates the robot’s state vector x by predicting and correcting the state recursively, with the sensor inputs:

Xk = X k—1+Kk(Zk_Hka ,) 1)

Where £ is the Kalman gain, z, is the measurement vector, and H is the observation model. This provided
fusion will provide reliable, real-time localization and mapping. Importantly, implemented a real-time control
architecture including online path planning and replanning software that generates, assesses and alters the robots
path based on the feedback from the environment. The robot is designed to react to dynamic change and adver-
sity, such as an unforeseen obstacle or a new layout, without any manual control. Altogether, the fusion of high
fidelity sensors, complex algorithms, and autonomous planning systems, allow the robot to operate in complex of
unpredictable industrial environments.

5.3 Task Description

The robot’s primary role is to autonomously carry materials between specific starting and target points in a sim-
ulated workshop environment with minimal human involvement. In each trial, the robot’s objective is to follow
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a planned path, configured for as much efficiency and safety as possible. However, the environment is dynamic
and challenged by moving obstacles, such as other robots or humans, and obstacles that may result from the ar-
rangement of materials or movable devices. Because of these dynamic changes, the robot has to keep an ongoing
awareness of its surroundings, utilizing real-time sensing and perception capabilities. The robot must maintain its
awareness of any dynamic changes, and once the originally planned path is compromised or becomes unsuitable
to follow due to dynamics, the robot must also be able to immediately begin a local, or global replanning process
and generate a new alternative path to the target point, without compromising safety or efficiency. This autonomy
will require reliable techniques for detecting obstacles, methods of avoiding any and all obstacles using adaptive
methods, and real-time decision-making processes that permit the robot to remain on mission, avoid collisions,
and minimize delays. In summary, if the robot can navigate itself in a changing environment with moving obsta-
cles, while keeping a moving center of mass toward the target point with mitigated path length, it demonstrates
its autonomy in mobility, dynamic path planning, and intelligent situational awareness.

5.4 Performance Metrics

To rigorously assess the performance of the proposed autonomous navigation and control system, four quanti-
tative metrics that capture the system’s core capabilities in real-time industrial environments. The first metric is
navigation accuracy, denoted as D,,,, which measures the mean deviation between the robot’s actual trajectory
and the planned path. It is computed as:

(12)

2

1 N
_ actual __ planned
Dnav_NZ”pi pi
i=1

actual y:

In these equations, p/“““ and p”“"** denote the actual and planned positions at time step 7, respectively, and N
is the total number of sampling points. It is reasonable to expect that D,,,, will have to remain under 1 meter, due
to practical constraints in confined factory spaces.

The second metric is obstacle avoidance ability, which assesses both the minimum safe distance maintained to
unexpected obstacles d,,,, as well as the avoidance success rate R,,,,,, which is the probability of avoiding a colli-
sion. A successful avoidance event occurs when the robot maintains d,,,,> 0.5 and follows a replanning trajectory

min

without hesitation. The avoidance success rate is determined according to:

N, success
Ravnidz N (13)

total

Where N,,..., is the number of successful avoidance events and N, is the total number of obstacle encoun-
ters. The third metric is system response time, denoted T,,,,, defined as the time interval between the detection of
an obstacle and the initiation of path re-planning. It includes sensor data acquisition, fusion processing, and algo-

rithmic decision-making, and is formulated as:
T;'esp: tplun_ tdetect (14)

To ensure real-time responsiveness, 7., should not exceed 300 milliseconds under typical factory operation
conditions.

Finally, resource utilization is monitored to evaluate the algorithm’s efficiency on embedded hardware. This
includes the average CPU load U, and memory usage U,,,, during continuous operation. The goal is to main-
tain Ugp, < 80% and U,,,,, < 70%, thereby ensuring stable performance without overloading the computational
platform. Together, these metrics form a comprehensive evaluation framework for autonomous navigation in in-
telligent manufacturing scenarios, balancing precision, safety, responsiveness, and resource efficiency.

338



Journal of Computers Vol. 36 No. 5, October 2025

5.5 Experimental Procedures

During the experimental protocols, every scenario which has its own distinct workshop layouts and dynamic ob-
stacles is subjected to multiple test runs in order to ensure Alex achieves repeatable or statistically valid results.
For each scenario, during each run, the robot continuously collects data, including sensor readings from LiDAR,
ultrasonic sensors, IMU, motion commands, motion parameters, control information, and system state. This level
of data collection allows detailed analysis of information after each experiment. The information is recorded and
processed to extract performance metrics such as the accuracy of the trajectory, which can be quantified by the
mean trajectory error:

1
Etraj: WZ:, (x,— xiref)z +(, - yiref)2 (15)

The behaviour of the robot in response to obstacles, which can be described by the deviation angle:

yﬂ S_ yre
0,.= arctan(=2—""), (16)
xobs - xref
Reflecting the robot’s avoidance manoeuvre, and the response time of the system, expressed as:
T:*esp: tactian_ tdetect’ (17)

Where ¢,,,., denotes the obstacle detection timestamp and ¢,.,,, the timestamp of corresponding motion initiation.
By focusing and identifying similarities in repeated performance, patterns of behaviour can be discerned, and
limitations of the system can be described. By recording these limitations, the conditions to which system perfor-
mance would be affected can be highlighted. Overall, this level of performance and response metrics and results
supports an evaluation of the overall effectiveness of the navigation/fusion system observed, while providing op-
portunities to identify opportunities for improvement on the sensor fusion, real time control, and adaptability of
the robot in dynamic and complex manufacturing environment.

6 Results and Analysis

This Fig. 2 depicts an occupancy grid map produced by fusing lidar and camera sensors, which is often used
for environmental perception and the navigation of mobile robots. The x and y axes correspond to the spatial
unit of the grid cell. The red curve indicates the robot’s trajectory, and the robot moves continuously from the
top left corner of the map to the lower right corner. The trajectory shows the robot carefully avoiding obstacles,
demonstrating the effectiveness of performing path planning in real-time. The black rectangular blocks represent
the static obstacles confirmed by the lidar sensors, indicating the occupied regions in the environment. The blue
circular markers represent the areas of the obstacle detected from the fused sensor data that optimally combines
the visual information from each camera and the depth certainty from the LiDAR. Typically, the blue dots corre-
spond to the edges or center of the black blocks and reflect the confidence of the sensor fusion. The smooth and
unobstructed trajectory of the robot shows that the algorithm fuses the obstacle data using real-time perception
of the environment to modify the robot’s trajectory to avoid collision. The combination of lidar and camera data
is mutually beneficial, with LiDAR providing real-time and precise depth measurements, while the camera pro-
vides useful semantic data [17]. Together they achieve accurate mapping, strong obstacle detection, and effective
autonomous navigation. The figure shows how multi-sensor fusion supports reliable environment models and
intelligent motion planning capabilities, which allow autonomous robotic systems to operate in complex environ-
ments.
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Fig. 2. Multi-sensor mapping result

The Fig. 3 shows the navigation paths planned by the robot using a traditional single-sensor approach and a
multi-sensor fusion system. The horizontal axis represents the horizontal position and the Y axis represents the
vertical position, plotting the robot’s motion trajectory in two-dimensional space. The solid blue line represents
the path planned using a single sensor data input. While this line looks generally smooth, it does not fully re-
flect its adaptability, especially when the environment may be dynamically changing or full of obstacles. This
example reflects the limitations of perception capabilities, such as small obstacles or sudden changes in terrain
that may be missed or not fully processed. The dashed red line represents the path generated using sensor fusion,
which combines data from multiple sensors. The dashed red line also shows more sensitive adjustments to the
plan, especially modifications made when there are changes in direction or curvature. The fused path is generally
consistent with the planned trajectory, but allows for more subtle corrections, resulting in better threat avoidance
than the unfused path. While many other aspects of robot navigation are also important, the overall key point that
can be drawn from this picture is the dual advantages of multi-sensor fusion for improved robot navigation in
terms of spatial perception and path fidelity. By fusing different sensors to form a comprehensive picture of the
robot’s environment, the robot can obtain both precise depth perception based on LiDAR and rich environmental
information from vision sensors.

Y Position (m)

Single Sensor

| Ny | — =— Sensor Fusion

0 2 4 6 8 10
X Position (m)

Fig. 3. Navigation trajectories comparison

This Fig. 4 shows the tradeoff between path length and planning time for four popular path planning algo-
rithms. The X-axis represents the total length of the path generated by each algorithm, and the Y-axis represents
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the corresponding time required to compute the path. The plotted curves reveal a clear inverse relationship: algo-
rithms that generate shorter, more optimized paths generally require longer computation time, while algorithms
that prioritize speed generally generate longer paths. Starting from the left side of the graph, the hybrid algo-
rithm A* achieves the shortest path length of about 7.25 meters, but its planning time is the longest at about 0.25
seconds. This algorithm uses a continuous space heuristic based on vehicle kinematics to provide a smoother,
more feasible path, which is well suited for autonomous vehicle applications, but is computationally expensive.
Moving to the right, Dijkstra’s algorithm provides a good compromise, generating a slightly longer path while
reducing planning time to about 0.2 seconds. Dijkstra’s algorithm [18] is known for finding the global optimal
path in a grid map, but it exhaustively searches all possible nodes, making it inefficient. Further along the x-axis,
the RRT algorithm achieves a planning time of nearly 0.15 seconds, significantly lower than the hybrid A* and
Dijkstra algorithms. However, the resulting path is not optimal, reflecting the algorithm’s focus on speed and
exploration rather than path smoothness. This makes the RRT algorithm suitable for real-time, high-speed navi-
gation tasks in dynamic or unknown environments. Finally, the A* algorithm achieves the shortest planning time,
just over 0.12 seconds, but the longest path is nearly 8.2 meters. The A* algorithm is efficient due to its heuristic
search, but may generate more irregular or less efficient paths in some cases. Overall, this figure shows how dif-
ferent algorithms prioritize different aspects of planning, providing a useful guide for choosing the right planner
based on the speed vs. accuracy requirements of the task.
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Fig. 4. Path planning time vs. Path length

This Fig. 5 illustrates the robot’s obstacle avoidance success rate in different environmental obstacle densities.
The Y-axis provides a straightforward metric of the robot’s ability to navigate in increasing complexity environ-
ments as defined by obstacle density. The results demonstrate the robustness and flexibility of the multi-sensor
fusion strategy employed by the system. In low obstacle density environments, the robot’s success rate is as high
as 100% meaning that when only few obstacles exist in the environment the robot detects and avoids these ob-
stacles reliably. In medium density environments, the success rate is still high at approximately 95% suggesting
that the system can cope with moderate obstacle density and complexity with only a minor loss of performance.
In high density environments the success rate drops to around 88% which is a reflection of the compounded diffi-
culties encountered with dense obstacles and additional frequency at which decisions were required by the robot
to evade and avoid obstacles in the environment. Overall however, the robot still exhibited reliable operational
conduct when navigating in environments with high density obstacles. In very high density environments, where
there is high levels of chaos and unpredictability, the success rate dropped further to around 75%. This lower
success rate is nonetheless still reflective of a relatively strong performance by the robot and demonstrates value
in the system even in extremely difficult conditions. Overall, it is clear that the sensor fusion approach greatly
improves the robot’s ability to detect and maneuver around obstacles in environments with different densities.
Furthermore, it is impressive to note that this system appears to maintain its performance as the complexities of
the environment increase [19], which supports its justification for practical use in dynamic or unstructured envi-
ronments. This result is significant because it supports combining multiple sensing modalities to improve robot
spatial perception and decision-making accuracy or reliability.
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Fig. 5. Obstacle avoidance success rate

This Fig. 6 demonstrates the root mean square error (RMSE) of the localization accuracy of the robot using
different sensor configurations: LiDAR, Camera, IMU, LiDAR with IMU, and full fusion of all sensors. The
Y-axis shows the localization error measured in meters, with lower values signifying higher localization accu-
racy. Each bar chart includes an error bar to represent the standard deviation across multiple runs, which shows
variation for each method. The IMU is clearly the worst performing sensor in terms of localization accuracy
since it had an RMSE of close to 0.4 meters. This was expected for the IMU as it suffers from drifting with time,
and since all sensors accumulate noise over time if they are not regularly corrected. The camera in contrast, had
an RMSE of about 0.35 meters, and is also fundamentally limited by ambient lighting conditions and the lack of
direct depth perception. Of course, LIDAR performed the best of all sensor configurations in a single sensor ap-
plication with an RMSE of about 0.25 meters, attributed to its ability to reliably measure distance. When LiDAR
is used with an IMU, the RMSE is reduced to 0.18m which illustrates the capability of these two sensors to work
together, LiDAR providing structure accuracy, and IMU providing short term motion updates. Generally, this
was true when all three sensors were fused: LIDAR, camera, and IMU. The full sensor fusion reduced the RMSE
to ~0.13m consistently, and was high accuracy and repeatability. The figure demonstrates that multi-sensor fusion
has a huge impact on localization accuracy. Using the strengths of different sensing modalities allows the robots
to more reliably and consistently localize themselves in complex or uncertain environments demonstrated the im-
portance of sensor fusion for developing robust autonomous systems.
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Fig. 6. Sensor fusion localization accuracy
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This Fig. 7 depicts the CPU usage and memory consumption for four different path planning algorithms. The
left Y-axis depicts CPU usage and the right Y-axis depicts memory usage (MB). The blue bars depict CPU usage
and the green bars depict memory usage so that a direct comparison for how each method differs in this two re-
source space is more convenient. The A* algorithm has the lowest CPU usage at just under 30%, but has higher
memory consumption of approximately 210MB. This indicates that the A* is efficient in terms of processing
time, but utilizes a greater number of possible paths that require a significantly higher area of search space, and
thus memory. The RRT algorithm shows a relatively high CPU usage of approximately 45%, combined with a
high memory consumption of approximately 250MB reflecting the probabilistic nature of the algorithm, and the
large numbers of nodes that are produced during the path search process. The DWA algorithm has the highest
CPU utilization and the highest memory utilization. Given that DWA performs real-time optimization and dy-
namic obstacle avoidance [20], it is expected that DWA will be heavier because of frequent trajectory evaluations
and replanning steps, therefore yielding a high CPU and memory footprint. The proposed method has a good bal-
ance between CPU utilization and memory allocation [21], making it the least resource demanding of the three
methods tested. In conclusion, the graph illustrates that the proposed method produced a significant improvement
in computational efficiency while maintaining a high level of path-planning performance. It is consumes less sys-
tem resources than DWA and RRT, making it suitable for deployment on embedded or real-time systems that are
constrained by processing resources and memory. This indicates that the proposed strategy offers efficient path
planning capabilities as well as scalable and practical implementation.
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7 Conclusion

A feasible and scalable framework is proposed for autonomous navigation of intelligent manufacturing sys-
tems through high-quality multi-source sensor fusion. Our framework integrates four distinct sensor modalities
to build an integrated environmental model. Through effective data fusion, our system is allowed to perceive
dynamic factory environments, enabling reliable path planning, avoidance of dynamic obstacles, and relevant
navigation features. Framework is designed to support complex industrial landscapes with highly consequen-
tial demands for precision, responsiveness, and safety. Each sensor type provides unique yet complementary
information; LiDAR provides spatial structure, camera provides semantic meaning, ultrasonic sensors provide
enhanced near-field detection, while IMU stabilizes movement perception. Sensor fusion allows for greater ro-
bustness in our perception across dynamic lighting, occlusion, and movement. The contribution of this work goes
beyond the fact that along with existing literature, sensor fusion improves navigation capabilities; there is also a
significant and natural enhancement of functional intelligence with respect to real-world material handling tasks.
Our systems advancement of material handling robot decision-making aligns more contextually and adaptively to
unique factory demands, which is markedly more than previous capabilities of reactive behaviours. The benefit
to the factory operations is substantial in facilitating greater autonomy of components in tasks such as dynamic
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obstacle negotiation, route optimization, and coordinated logistics. The modular approach to the framework’s de-
sign enables scaling or eventual extensions, matching the future progression of Industry 4.0. It lays a foundation
for developing the next generation of smart manufacturing systems which emphasizes, safety, adaptability, and
autonomous collaboration.
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