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Abstract

Intralogistics operations in factories are increasingly being automated using mobile
robots. However, most of the currently implemented factory automation solutions
rely on fixed paths and predefined target locations, where the robot is commanded to
navigate to a predefined position to complete the task. This limits the flexibility of the
system and makes it less adaptable to changes in the environment. This is a significant
limitation in factory environments, where layouts and object positions can change due
to human intervention or operational requirements. To address this limitation, this
thesis presents a tracking based autonomous navigation framework in which the robot
detects the location of the target object using multiple sensors and then performs the
required navigation and intralogistics task based on the detected target position.

The proposed system uses a hybrid target localization approach. UWB measure-
ments are first used to estimate the coarse position of the trolley and guide the robot
towards a stand off location. From this position, LiDAR data is used to detect the
trolley more accurately by extracting geometric features from the scan data based on
the known trolley geometry. The combination of UWB and LiDAR sensing helps to
compensate for the limitations of each individual sensing method. After the trolley has
been localized, the robot aligns itself with the trolley using an LQR based controller.
Successful alignment is followed by docking, attachment, and final transportation of
the trolley to the desired goal location.

The system was evaluated in different simulated environments under varying
operating conditions, including different robot and trolley positions, trolley orientations,
and noise levels in both UWB and LiDAR measurements. The results show that the
proposed method is capable of completing the autonomous navigation and docking
task in multiple scenarios. The average docking time across the experiments was
approximately 22.64 s, while the final longitudinal, lateral, and orientation errors
remained small throughout the tests. Overall, the results demonstrate that combining
UWRB based coarse localization, LiDAR based refinement, and LQR based alignment
provides a feasible approach for automation of factories intralogistics. By eliminating
dependence on predefined target location, the proposed method can make intralogistics
automation more flexible and reliable, as the robot can localize and track the target
object even when its position changes.

Keywords Mobile Robots, Intralogistics, UWB, LiDAR, LQR
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UWB position in map frame
frame rotation matrix

frame translation vector
LiDAR point position
clustering distance threshold
number of points in a cluster
cluster centroid

centered point position
cluster spread terms

trace and determinant
cluster eigenvalue

cluster direction vector
cluster extent

major and minor extents

line residual

compactness ratio

trolley dimension tolerance
trolley leg position

edge vector between trolley legs
normalized edge vector

width and length parallelism measures

detected trolley centre

trolley width and length directions
projected cluster positions
detected trolley width and length
docking frame errors

desired final longitudinal position
controller sampling time

LQR state vector

LQR control input

state and input matrices

state and control weighting matrices
quadratic cost function

Riccati equation solution

LQR feedback gain

LQR penalty weights

longitudinal proportional gain
speed gate factor

speed gate gains

commanded linear velocity
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AGV
AMR
SLAM
LiDAR
LQR
UWB
RGB
PD
PID
ROS
TF

automated guided vehicle
autonomous mobile robot
simultaneous localization and mapping
light detection and ranging
linear quadratic regulator
ultra-wideband

red, green, and blue
proportional-derivative
proportional-integral-derivative
robot operating system
transform frame



1 Introduction

The advancement of modern industries and the increasing digitalization of manufac-
turing sectors have driven the need for smart factories capable of supporting rapid
production cycles . As technology has evolved, factories have undergone significant
transformations toward automation and digitalization . To sustain high service levels
while minimizing costs, efficient work processes are essential. Such efficiency can
be achieved by automating operations and reducing reliance on manual labor. One
of the most important processes contributing to increase in operational efficiency in
industries is automated logistics [1]. Traditionally, raw materials and finished products
were handled manually using forklifts or operated by crane operators. However,
advancements in robotics and automation have led to a rise in the adoption of mobile
robots for intralogistics in factories across the globe. As per International Federation
of Robotics [2], nearly 14 percent annual growth has been observed in the number
of installed robots in transportation and logistics industry in 2024 and the number is
expected to grow even more. A market report published by Ground View Research
[3] reported that the global logistic robot market is expected to grow at a compound
annual growth rate of 15.9% from 2025 to 2030.

Conventional industrial mobile robots commonly operate by following fixed paths
and moving between predefined locations. While this approach can be effective in
highly structured environments, it limits the flexibility of the system when operating
conditions change [4] . For example, if the target object is moved from its predefined
position, the robot may not be able to navigate to the new location without manual
reconfiguration. This results in a limitation in their usage especially in factory
environments, where these objects are frequently moved to different locations based
on production needs. As a result, the dependence on fixed target locations reduces the
adaptability of the robot and can impact operational efficiency, especially when timely
material transport is required to maintain a smooth manufacturing process.

To overcome the limitations associated with fixed target locations, the robot must
be able to localize the target object within the operating environment. For this
purpose, several camera based approaches have been explored, including marker based
detection, feature based detection, RGB-D sensing, and deep-learning based object
detection. These methods can be effective for identifying a target object however,
they require the target to be within the camera’s field of view. In congested factory
environments, the target object may be partially or fully occluded by other objects,
which can make reliable detection difficult or, in some cases, impossible. In addition,
camera-based detection can be affected by changes in lighting conditions on the
factory floor. LiDAR based target detection has also been proposed as a possible
solution. In this approach, the geometric features of the object are extracted from scan
data and compared with the known geometry of the target object. This can provide
useful information for estimating the location of the target object. However, LIDAR
based detection also has limitations, since the target object must be within the sensing
range and visible to the LiDAR for its geometric features to be detected. UWB based
localization provides an alternative approach where a UWB tag is placed on the target
object and the UWB anchors are placed in the environment. UWB does not rely on



the visual appearance or geometric features of the target object but they do not provide
the accurate location of the target object rather they provide an estimate location of
the target object and their measurement usually contain alot of noise. UWB also has a
limited operating range, therefore, multiple anchors are required to obtain target pose
estimates.

These limitations show that relying on a single sensor is not sufficient for target
localization in a factory environment. Instead, the output of multiple sensors must
be combined so that the limitation of one sensor can be complimented by the
other. Combining camera and LiDAR data can improve local perception, but both
sensors still require the target object to be within their sensing range and sufficiently
visible. Therefore, this combination may still be affected by occlusion in a factory
environments. Similarly, combining UWB with a camera can provide coarse target
localization and visual confirmation, but the camera remains sensitive to lighting
conditions and visibility constraints.Alternatively, combining UWB with LiDAR
appears to be a suitable approach for the target localization because UWB can provide
a rough estimate of the target location without requiring direct visual detection as
long as the target is in the range of anchors, while LiDAR can be used to detect the
accurate location of the target object from this estimate.

In this thesis, a simulation framework is presented for an autonomous navigation
system designed for factory intralogistics. The system uses an autonomous mobile
robot to transport a trolley from one location to another. To locate the trolley, a
hybrid sensing approach is used, where UWB provides a coarse estimate of the trolley
position, while LiDAR data is used for more accurate local detection. After estimating
the trolley location, the robot navigates from its initial position to the target area using
Nav2, which enables collision free path planning and motion execution. Once near the
trolley, an LQR based controller is used to accurately align the robot with the trolley
before coupling. The framework is developed in simulation, but the system is designed
in a way that allows future implementation on real robotic hardware. The obtained
results demonstrate that the proposed system can complete the intralogistics sequence,
including target detection, autonomous navigation, accurate alignment, coupling, and
transportation of the trolley in different simulated factory environments.



2 Related Work

2.1 AGV and AMR Based Intralogistics

Factories intralogistics has traditionally relied on Automated Guided Vehicles (AGVs)
for repetitive material transport tasks in structured environments. AGVs are effec-
tive when the operating area is well defined and transport routes remain relatively
unchanged, as their movement is based on predefined paths and deterministic control
strategies [5]. This has made them reliable for fixed route material handling and
has reduced the need for manual transport in factory intralogistics. However, the
same dependence on predetermined routes limits their adaptability. When production
layouts change, new transport routes are required, or temporary obstacles appear in the
working area, AGVs often require reconfiguration or infrastructure modifications [6].

Kumbhar et al. [7] reviewed the use of AGVs in small manufacturing enterprises
and identified the inflexibility of navigable paths as one of the main limitations affecting
their implementation. The authors explained that AGVs can improve material handling
in structured manufacturing environments, however, their dependence on predefined
navigation paths reduces their adaptability when production layouts, transport routes,
or material flow requirements change. Therefore, although AGVs are effective for
repetitive factory transport tasks, their flexibility remains limited in manufacturing
environments where operational conditions are frequently modified. These limitations
have motivated the development of more flexible mobile robotic systems capable of
perceiving and reacting to changing industrial environments.

Autonomous Mobile Robots (AMRs) have emerged as a response to the rigidity of
conventional AGV based transport. Instead of relying only on predefined routes, AMRs
use onboard sensors, localization, mapping, path planning, and obstacle avoidance
to navigate in dynamic environments [8]. This enables them to operate in factory
settings where human workers, movable objects, and layout modifications are common
[9]. The transition from AGVs to AMRs therefore represents a shift from fixed path
automation toward environment aware autonomy. This shift is particularly important
in intralogistics applications where the robot is not only required to move between
different locations, but also to interact with transport equipment such as carts, racks,
crates, or trolleys.

The autonomy of AMRs is built on three fundamental capabilities: locomotion,
perception, and navigation [10]. Locomotion determines how the robot physically
moves, perception provides information about the robot and its surroundings, and
navigation determines how the robot reaches a desired position or state. Although
mobile robots can use a variety of locomotion mechanisms, wheeled locomotion is
the dominant solution in indoor industrial environments because factory floors are
typically flat and material transport requires efficient movement of loads . Wheeled
AMRs offer high energy efficiency, mechanical simplicity, stability, relatively low
cost, and reduced maintenance requirements [11]. These characteristics make them
suitable for continuous operation in intralogistics tasks where the robot must move
reliably between workstations, storage areas, and loading or unloading points.

Perception is a central requirement for autonomous operation because the robot
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must detect objects, extract environmental information, and estimate its relationship
to surrounding features. For perception the robot requires sensors. The sensors used
in mobile robots are commonly categorized as proprioceptive or exteroceptive, and as
active or passive. Proprioceptive sensors measure the internal state of the robot, such
as wheel velocity, joint position, or motor feedback, whereas exteroceptive sensors
provide information about the external environment, such as distances to nearby
objects or environmental landmarks. Active sensors, such as LiDARs, emit energy
and measure the returned signal, while passive sensors, such as cameras, rely on
naturally available information from the environment [10]. In AMRs, perception is
commonly achieved by combining several sensing modalities, including LiDARs,
cameras, wheel encoders, and inertial measurement units. Sensor fusion improves
robustness and supports localization, obstacle detection, environment understanding,
and target tracking.

Navigation combines perception, localization, decision making, and motion
control into a coordinated autonomy framework [11]. Perception provides information
about the surrounding environment, localization estimates the robot pose, decision
making selects the required action, and motion control converts this action into motor
commands. In conventional AMR applications, navigation is often formulated as the
problem of moving from an initial pose to a target pose while avoiding obstacles. In
trolley-based intralogistics, the navigation problem becomes more specific because
the target may be defined relative to another object rather than only as a fixed position
in a map. The robot must estimate the relative pose of the trolley, approach it
from a suitable direction, maintain alignment during motion, and execute controlled
docking. As a result, general autonomous navigation methods must be complemented
by perception and control strategies that support tracking-based interaction with
load-carrying equipment.

Hercik et al. in [12] implemented an AMR for transporting manufactured products
between production lines in a smart factory. The authors used map based navigation for
general movement and positioning markers to improve localization near the production
line. Their results showed that normal map based navigation alone was not sufficient
for precise final positioning, while marker based positioning improved the approach
accuracy to approximately +£3 mm. However, the study also indicated that accurate
final docking remained dependent on additional localization support near the target.
This shows that AMR-based factory transport requires not only autonomous navigation,
but also reliable target localization for accurate interaction with production equipment.

2.2 Target Location Estimation for Autonomous Navigation

For factory intralogistics, one key requirement is to localize the object of interest, such
as a trolley before the robot can approach, dock, and transport it. In this context, target
localization is different from general robot localization. General localization estimates
the pose of the robot within a global map, whereas target localization estimates the
position or pose of the target object relative to the robot or to a local target frame. This
relative target pose is important because the robot must not only reach the approximate
area of the object, but also approach it from a suitable direction and align with it for
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docking.

Camera-based localization is one of the common approaches for estimating the
target pose because visual sensors provide rich information about object appearance,
shape, texture, and identity. In marker-based methods, a known visual pattern is
attached to the target object or docking station, and the detected marker is used to
estimate the relative position and orientation between the camera and the target.
Richter et al. in [13] used AprilTag-based pose estimation for precise docking of a
mobile system at assembly stations. Their work focused on improving the detection of
tag edges so that the robot could repeatedly estimate its pose relative to the station
with high accuracy. This type of method is useful when the docking target can be
instrumented with markers, but it also means that the target must remain visible to the
camera and the marker must be placed in a suitable location.

Abbas et al. in [14] analyzed the accuracy and precision of AprilTag based state
estimation and showed that marker-based localization is affected by factors such as
camera calibration, marker position, viewing angle, and distance from the camera.
Their study is important because it shows that fiducial markers can provide reliable
relative pose information, but the estimated pose is not equally accurate in all directions
or viewing conditions. Therefore, marker-based target localization can be effective for
docking, but its performance still depends on the quality of the visual observation and
the geometric configuration between the camera and the marker.

Volden et al. in [15] presented a stereo vision based positioning system for
autonomous docking, where a learning based object detector was used to identify
the target and 3D reconstruction was used to estimate its position. Their method
combined data driven object detection with geometric reconstruction, which allowed
the system to estimate the target position without relying only on a fiducial marker.
The study shows that stereo vision can provide direct depth information for docking
tasks, but robust detection remains challenging in complex environments where the
target appearance, background, lighting, and viewing conditions can change.

RGB-D sensing extends camera based localization by combining color images
with depth measurements. He et al. in [16] proposed a 3D object detection and pose
estimation pipeline using RGB-D images. Their method first used template matching
to generate candidate object detections, then grouped spatially similar detections into
object hypotheses, applied scoring and non-maximum suppression to remove false
or duplicate detections, and finally used point cloud processing to compute the 3D
object pose. This shows that RGB-D sensors can estimate target pose more directly
than RGB cameras because the depth channel relates image detections to 3D space.
However, the need for hypothesis generation, scoring, and verification also shows that
cluttered scenes can produce false detections unless additional filtering is applied.
Camera and RGB-D methods are therefore useful when the target has distinctive visual
features, when markers can be attached, or when learning-based detectors can reliably
identify the object. Their main advantage is that they can provide both target identity
and target pose from visual information. However, their performance depends on the
target being visible in the camera’s field of view.

LiDAR-based localization provides a different approach because it uses geometric
range measurements rather than visual appearance. In 2D LiDAR-based methods, the
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target is usually detected from structural features that appear in the laser scan, such as
legs, corners, straight edges, or repeated support points. Zhao et al. in [17] proposed
a 2D LiDAR based method for autonomous shelf recognition and docking. Their
method detected shelf legs from laser scan data using geometric feature extraction
and known shelf dimensions. It then used multi shelf model screening and nonlinear
least-squares fitting to estimate the shelf center for docking. This type of method is
suitable for factory objects such as shelves, carts, and trolleys because these objects
often contain repeated geometric structures that can be detected in a planar laser scan.

Fagundes Jr. et al. in [18] presented an analytical approach for object identification
and localization using 2D LiDAR data. Their work addressed the lack of a common
representation for LiDAR based object localization and proposed a formal way
to represent scan data and extract object information. This kind of geometric
representation is useful when the target object can be described using measurable
features in the scan, such as line segments, corners, or compact clusters. For trolley
localization, this supports the idea of using LiDAR scan geometry to detect structural
components rather than relying on visual texture or color.The advantage of LiDAR-
based target localization is that it can provide accurate distance and shape information,
and it is less affected by lighting changes than cameras. However, LiDAR does not
naturally provide object identity. A laser scan can show that an object with a certain
shape is present, but if several similar trolleys or shelves are in the environment,
geometric information alone may not be sufficient to determine which object is the
intended target. LiDAR-based methods also require the target structure to be visible in
the scan. If the trolley legs are occluded, outside the LiDAR range, or too close to the
sensor blind zone, the geometric features needed for localization may not be detected
reliably.

UWRB based localization provides another alternative because it is based on radio
ranging rather than visual or geometric observation. In UWB target localization, tags
can be attached to the target object and anchors can be placed in the environment.
The measured ranges are then used to estimate the target position. Xu et al. in [19]
reviewed UWB based localization for mobile autonomous machines and showed that
UWRB is widely used for indoor positioning because it can provide range measurements
in environments where GNSS is unavailable. This makes UWB useful for industrial
target localization because the target can still be identified through its tag even when it
is not visually distinctive.

Cao et al. in [20] studied relative localization using multiple UWB ranging nodes.
Their work showed that UWB can provide useful relative distance measurements, but
estimating a complete relative pose from ranges alone is difficult. To improve the
estimate, they equipped robots with multiple UWB nodes, minimized the residual error
of the range measurements, and used odometry constraints through sliding window
optimization. Their method shows that UWB can support relative localization, but it
also indicates that additional constraints or motion information are needed when the
goal is to estimate a stable relative pose rather than only a distance.

Mor6n et al. in [21] presented a benchmark for UWB based infrastructure free
positioning and multi-robot relative localization. Their dataset includes UWB ranging
together with inertial and odometry measurements, allowing different fusion methods
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to be evaluated under varied configurations. Their analysis showed that UWB can
provide useful relative localization information, but the ranging error can vary across
different setups and operating conditions. This supports the use of UWB as a coarse
localization source, while also showing why it may not be sufficient by itself for precise
final docking. UWB is therefore useful for identifying and ranging the target object,
especially when the object may be hidden or not visually observable. However, UWB
measurements are affected by non-line-of-sight propagation, multipath reflections,
antenna placement, and obstruction between the transmitter and receiver. These effects
can introduce noise and bias into the estimated range. For this reason, UWB is better
suited for coarse target localization or identity-aware ranging than for direct final
alignment, where the robot needs a more accurate target pose.

Because each sensing method has different strengths and limitations, several
studies combine multiple sensors for target localization. Shalihan et al. in [22]
proposed a moving object localization method based on the fusion of UWB and
LiDAR. In their approach, LiDAR was treated as an accurate but anonymous optical
sensor, while UWB was treated as an identity based radio sensor. The method first
detected a moving object from LiDAR scans, associated the detected object with UWB
range information, rejected suspicious estimates, and then fused LiDAR, UWB, and
odometry measurements using pose graph optimization. This shows that UWB and
LiDAR complement each other: UWB helps identify the tagged target, while LiDAR
provides geometric position information when the object is visible.

Song et al. in [23] proposed UWB and LiDAR fusion for cooperative range only
SLAM. Their method fused peer to peer UWB range measurements with 2D LiDAR
scan information to localize the robot, estimate the positions of UWB beacons, and
build a map. The study showed that LiDAR can improve UWB only localization by
providing geometric information about the environment, while UWB can reduce the
drift that accumulates in LiDAR based SLAM. This demonstrates the broader benefit
of combining radio based ranging with laser based geometry in indoor environments.

Dai et al. in [24] proposed a multi sensor fusion framework for autonomous mobile
robot docking by integrating YOLOvS8-based AprilTag detection, depth aided 3D
localization, and LiDAR based orientation correction. Their method was designed for
docking in industrial environments where lighting changes, motion blur, and occlusion
can affect purely vision based localization. By combining visual detection, depth
information, and LiDAR correction, the system improved the robustness of target
localization for docking. This shows that multi-sensor localization is useful when
one sensor alone cannot provide reliable target pose information under all operating
conditions.

Li et al. in [25] proposed a LiIDAR and UWB object tracking method in which
LiDAR based 3D object information was fused with UWB measurements to maintain
target identity and improve tracking accuracy. Their method addresses a key limitation
of LiDAR only localization: the difficulty of maintaining object identity when multiple
similar objects are present. By using UWB for identity information and LiDAR for
spatial geometry, the system reduces ambiguity during object tracking. This type of
fusion is important for factory intralogistics because the robot may operate around
several similar trolleys, carts, or racks.
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Ohetal. in [26] proposed a regression based docking system that used synchronized
monocular camera and 2D LiDAR data during training to estimate docking related
quantities such as depth, orientation, and lateral offset. During inference, the trained
model used camera input to predict the geometric quantities needed for docking. This
shows another way of combining sensing modalities, where LiDAR information can
be used to support the learning of target geometry even if the final system relies mainly
on vision. Such approaches are useful when the target pose must be estimated from
limited onboard sensing, but their performance depends on the quality and coverage
of the training data.

2.3 Motion Control for Alignment

After reliable detection of the object of interest, accurate alignment is required for
successful latching, coupling, or load transfer. At this stage, the problem is no longer
only global navigation or target localization, because the robot must regulate its pose
with respect to the target object. Therefore, docking and alignment are commonly
formulated using errors relative to target object, such as longitudinal offset, lateral
offset, and heading error.

Wang et al. in [27] presented autonomous target docking for non-holonomic
mobile robots using vision-based relative pose measurements of the target. Their
method uses a stereo camera to obtain the relative range and orientation of the target,
while fiducial markers are attached to the target to simplify detection. The docking
process is divided into an approach phase and an autonomous docking phase. During
the approach phase, the robot moves toward a switching region around the target, after
which the autonomous docking controller is activated. Since visual target observations
can be noisy and intermittent, an Extended Kalman Filter is used to estimate the target
pose in the local reference frame of the robot. In the final docking stage, motion
planning is combined with a nonlinear tracking controller that controls the robot
motion by tracking a generated path toward the target, allowing the robot to reach the
docking point with zero lateral offset and zero impact angle. This shows how docking
can be treated as a local target relative control problem after the robot has reached the
approximate target region.

Mateos et al. in [28] presented an autonomous docking system for aligning a
robotic boat with a docking station. The system used LiDAR for long range navigation
and a depth sensing camera for close range target estimation. During the alignment
stage, the relative pose of the boat with respect to the docking station was represented
using longitudinal, lateral, and yaw errors. Three independent PD controllers were
then used to reduce these errors during docking. The method also included a recovery
behavior, where the robot reversed, recomputed the target pose, and repeated the
docking maneuver if the final alignment condition was not satisfied. Their results
show that simple error based controllers can be used for docking when the target
relative pose is available, but also that recovery behavior is needed when the final pose
cannot be reached in a single attempt.

Fernandez et al. in [29] proposed an alignment and control system for robotic
vessels using a multilayered control approach. Their method plans the motion in the
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local coordinate frame of the docking target, so the trajectory is defined relative to
the object rather than only in a global frame. An AprilTag based perception module
estimates the target relative pose, and the resulting longitudinal, lateral, and heading
errors are minimized using a Nonlinear Model Predictive Tracking Controller. This
formulation shows how docking can be handled as a target frame trajectory tracking
problem, where the controller continuously reduces pose errors with respect to the
docking object.

Feng et al. in [30] studied autonomous alignment and docking control for a self
reconfigurable modular mobile robotic system. Their approach separates the docking
task into an optimization based path planning stage and a close range precision control
stage. The path planning stage moves the robot module toward the target region, while
the final alignment stage is handled by a Lyapunov function based precision controller.
The precision controller uses the pose error between the robot module and the desired
docking pose to generate stabilizing velocity commands near the docking mechanism.
This structure shows how coarse approach planning and local pose stabilization can
be combined for accurate final docking.

More recent studies have also considered docking as a constrained control prob-
lem, where the robot must satisfy motion limits, visibility constraints, and safety
requirements while reducing the target relative pose error. Xiao et al. in [31] proposed
an autonomous trolley collection system in which the close range docking motion was
controlled using nonlinear model predictive control. The controller was formulated
for a non-holonomic mobile robot base and included control barrier functions to
satisfy constraints during the docking phase. In particular, the controller was designed
to avoid obstacles while keeping the trolley inside the sensor field of view during
the final approach. Their experiments on trolley collection tasks show that accurate
docking requires simultaneous pose error reduction, obstacle avoidance, and target
observability.

Xie et al. in [32] developed a multiple trolley collection system using a non-
holonomic mobile robot and proposed a vision based docking controller based on
Control Lyapunov Functions and Control Barrier Functions. The control problem was
solved online as a quadratic programming problem. In this formulation, the Lyapunov
function drives the robot toward the desired trolley relative docking pose, while the
barrier function enforces constraints during the approach. Their real world experiments
showed improved accuracy and efficiency in trolley collection, demonstrating that
trolley docking requires a controller that can handle non-holonomic motion while
maintaining accurate target-relative alignment.

Pang et al. in [33] proposed a disturbance aware visual predictive control scheme
for autonomous trolley collection. Their method uses active infrared markers for robust
visual feature extraction and formulates the docking as a predictive control problem.
The controller explicitly considers non holonomic kinematics and visibility constraints,
while an extended state observer is used to compensate for disturbances during trolley
pushing. Their study shows that trolley docking becomes more challenging when the
robot has to maintain alignment while interacting physically with the trolley, because
external disturbances can affect the final motion.

Chen et al. in [34] proposed a nonlinear feedback controller for docking a non
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holonomic mobile robot to a target pose represented by a virtual landmark. The
desired docking pose was estimated using an RGB-D camera, and the controller was
designed to drive the robot toward this pose while keeping the target inside the camera
field of view. The authors also derived a feasible set of initial conditions from which
convergence to the docking pose could be guaranteed. Their experiments showed that
the robot could converge to the virtual landmark while satisfying the field of view
constraint, showing that final docking control must consider both pose stabilization
and target visibility.

Besides docking specific controllers, LQR and Linear Quadratic Gaussian (LQG)
methods have also been applied to mobile robot motion control because they provide
a systematic way to regulate tracking errors while penalizing control effort. Zhang et
al. in [35] proposed an iterative LQR controller for trajectory tracking of a wheeled
mobile robot. Their method linearized the robot kinematic model around the reference
trajectory and used an iterative LQR formulation to compute local tracking commands.
The controller was tested in simulation and experiments on a differential drive robot
and was compared with a conventional LQR controller. Their results showed that the
iterative method improved the control sequence and produced slightly better tracking
performance.

Cornejo et al. in [36] compared polar coordinate control and LQR control for
trajectory tracking of a differential wheeled mobile robot. In their formulation, the
LQR controller was designed using the robot error model and generated control inputs
to reduce the tracking error along the desired trajectory. Their comparison shows that
LQR can be used as an error regulation method for differential drive robots, where the
control objective is to reduce pose error while respecting the non holonomic motion
characteristics of the platform.

Nourizadeh et al. in [37] designed a LQG controller for trajectory tracking of a
non-holonomic wheeled mobile robot. The authors first identified a discrete linear
model of the robot using experimental data and then designed an LQG controller with
a Kalman observer to estimate unmeasured states. Their results showed that linear
optimal control can be applied to a non-holonomic mobile robot when the system is
represented around a suitable local operating condition. This is important for local
alignment control because final docking is usually performed near a target pose where
a local error model can be used.

Chatterjee et al. in [38] proposed an optimal cascade sliding mode controller
for trajectory tracking of a non holonomic mobile robot. In their control structure,
sliding mode control was used in the outer loop and PID control was used in the
inner loop, while LQR was applied to optimize the control effort. Their simulations
compared the controller performance with and without the optimal LQR component.
The results showed that the LQR component reduced unnecessary control action while
maintaining trajectory tracking performance, showing how optimal control can be
combined with other feedback methods to improve smoothness and control efficiency.

Kim in [39] studied vision based docking of a wheeled rover using linear-quadratic
control under sensing uncertainty. The work compared a certainty equivalent LQG
controller with a dual control approach that considered both control performance and
state estimation uncertainty. The results showed that a straight approach generated
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by the certainty equivalent controller could make the range state poorly observable,
which affected docking consistency. This shows that docking performance depends
not only on the feedback controller, but also on the quality of the target relative state
estimate during the approach.

2.4 Research Gap

In this thesis, an autonomous navigation framework for factory intralogistics is
presented. The work addresses the limitation of conventional navigation systems
that rely on predefined target locations by introducing a more flexible approach in
which the target object is localized during runtime. Instead of assuming that the
trolley is always located at a fixed and known position, the proposed framework uses
a tracking-based strategy to estimate its location in the operating environment. For
coarse localization, a UWB tag is attached to the trolley, while UWB anchors are
placed in the environment. This allows the system to obtain an approximate estimate
of the trolley position, which can be used to guide the robot toward the general target
area.

To obtain the accurate trolley pose required for docking, the robot uses its onboard
LiDAR once it reaches the vicinity of the trolley. The LiDAR scan data is processed
to extract geometric features corresponding to the trolley structure, and these features
are verified against the known trolley geometry. This enables the robot to estimate
the precise location and orientation of the trolley in the environment. After the
trolley pose has been detected, an LQR-based controller is used to align the robot
with the trolley and perform the docking . This alignment stage is critical because
the robot must correct its position and orientation before going under the trolley in
order to avoid collisions with the trolley and complete the docking process smoothly.
Overall, the framework combines coarse UWB-based target localization with accurate
LiDAR-based pose estimation and feedback control to enable flexible trolley docking
without relying on predefined target locations.
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3 Methods

3.1 Navigation

Autonomous navigation is one of the main tasks in factory intralogistics automation,
and its complexity depends on both the required task and the characteristics of the
operating environment. In many intralogistics applications, mobile robots navigate
toward predefined target locations, however, this can limit flexibility when the position
of the target object changes. To make the system more flexible and adaptable to such
changes, the robot should not rely only on predefined target locations, but should
instead be able to continuously localize and track the target object during operation.
This capability is implemented in the proposed system by combining UWB based
coarse localization with LiDAR based pose refinement. In this work, the navigation
task is carried out in several stages. First, the robot moves from its initial position to a
stand off location using the coarse trolley position obtained from UWB measurements.
From this stand off location, LiDAR data is used to detect the trolley more accurately
and refine its pose. Based on this refined trolley pose, the robot then navigates to a
staging location closer to the trolley. From the staging location, the robot performs
the alignment process and continues moving until it reaches the docking position
underneath the trolley. Once the docking position is reached, the robot is coupled with
the trolley and navigates to the final target location.
The overall navigation process is shown in Figure 1.
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Figure 1: Flowchart representing the autonomous navigation framework presented in
this work.
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3.1.1 Coarse Navigation Phase

The robot navigation environment chosen for this problem is equipped with UWB
anchors and a UWB tag is placed on the target object which is a trolley in this case.
UWB based localization is useful in congested indoor environments because it can
provide a global estimate of the position of the object of interest even when direct
perception using a camera or LiDAR is not possible. However, UWB measurements
usually contain significant noise and are therefore not suitable for accurate position
detection by themselves. In our case, the UWB estimate is used only as a coarse
estimate of the position to guide the robot near the trolley, while the final trolley pose
required for docking is obtained using LiDAR based geometric detection.

The coarse trolley position is used to generate a stand off pose in front of the
estimated trolley location. A fixed distance is maintained from the trolley estimate so
that the robot stops before reaching the trolley. This prevents the robot from moving
too close based only on the noisy UWB measurement. After the stand off pose is
generated, it is sent to the Nav2 navigation stack as a navigation goal and robot travels
to that location. Once the robot reaches the stand off region, or becomes sufficiently
close to the trolley estimate, the coarse navigation goal is canceled and the system
switches to the LiDAR based detection phase.

The main purpose of this phase is to reduce the search area for the accurate detector.
The UWB estimate provides approximate global guidance, while the LiDAR detector
later provides the precise trolley geometry required for docking. The overview of the
coarse trolley navigation is shown in the Figure 2
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Figure 2: Coarse navigation phase of the proposed framework. The noisy UWB
measurement (red) is used to generate the stand-off pose (orange), while the actual
trolley location (green) is shown for comparison.
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3.1.2 LiDAR Based Trolley Detection

After the robot reaches the coarse stand off goal, the system switches from coarse
navigation to accurate trolley pose detection using the 2D LiDAR scan. A number of
tests are then performed on this scan data to extract the exact location of the trolley in
the environment. The trolley detection using LiDAR is presented in the Fig 3.
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Figure 3: Flowchart representing the steps for detection of trolley from LiDAR scan

A 2d lidar gives range values r; at different angles 6;, these values are converted
into cartesian coordinates as follows:

x; = ricos(6;) (D)

and,
yi = risin(6;) 2)

So each lidar measurement becomes a 2d point.

pi = (xi, i) (3)

For two consecutive points p; and p;_; , the Euclidean distance between these

points is defined as,
di = ||pi — pi-1ll 4)
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For two points to be in the same cluster, the Euclidean distance between these
points must be less than the Euclidean distance threshold for the cluster,

di < dcluster (5)

If the Euclidean distance between consecutive scan points exceeds the clustering
threshold, a new cluster is created. In this work, the clustering threshold is set to 0.06
m.

After clustering, a number of tests are performed on clusters to filter the trolley
legs from the LiDAR scan. The detail of all the tests that are performed on the clusters
is shown in Figure 4. First of all, each cluster is evaluated based on the number of
points it contains. Clusters that do not satisfy the defined minimum and maximum
point limits are rejected, since they are unlikely to represent a trolley leg. Therefore, a
cluster is considered a possible trolley-leg candidate only if it satisfies the following
condition:

Nmin <N Nmax (6)

where Np;, represents the minimum number of points required for an acceptable
cluster, and Npx represents the maximum number of points allowed for an acceptable
trolley-leg cluster. A cluster containing less than the minimum number of points may
correspond to noise, while a cluster exceeding the maximum point limit is unlikely to
represent a trolley leg. In this work, Ny, and N« are set to 2 and 20, respectively.
Therefore, clusters consisting of only a single point are rejected as likely noise, while
clusters containing more than 20 points are rejected because they are too large to
correspond to a trolley leg. The remaining clusters are then further analyzed by
checking their major and minor extent, but for calculation of major and minor extent a
number of parameters need to be calculated, the centroid for each cluster is calculated
as follows:

N
= 1N x (M
i=1
and,
N
ey =1/N Dy (8)
i=1

So, the centroid for each cluster becomes,

¢ = (cx, Cy) )

Centroid provides a compact location of each cluster. After finding the centroid,
each point is shifted relative to centroid.

)El' =X; —C; (10)

Vi =Yi—Ci (11)
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Figure 4: Flowchart of the cluster filtering process used to identify trolley leg clusters
from the detected point clusters.
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This gives the centered points of the cluster.

pi = (X, yi) (12)
The centered points represent the points of the cluster relative to centroid so it

helps in estimating the shape of the cluster. The centered points are used to calculate
the spread of the cluster in all direction. The spread is calculated as

N
S = 1/N Y ()2 (13)
i=1
N -
syy = 1/N Y (30)? (14)
i=1
N
s = 1/N D %5 (15)
i=1

The spread value S, describes the variation of the cluster points in the x-direction.
A larger value of S, indicates that the points are distributed farther from the centroid
along the x-axis. Similarly, Sy, describes the variation of the cluster points in the
y-direction, where a larger value indicates a greater spread along the y-axis.

The term Sy, represents the relationship between the variations in the x- and
y-directions. A positive value of Sy, indicates that x and y tend to increase together,
meaning that the cluster has an upward slope. In contrast, a negative value indicates
that one coordinate tends to increase while the other decreases, corresponding to a
downward slope. When S, is close to zero, the cluster does not show a strong diagonal
trend and may be mostly horizontal, mostly vertical, or approximately symmetric
around the centroid. These spreads are then used to estimate the main direction of
spread, for main direction trace is calculated which is the sum of spread in both
direction.

I = Sxx + Syy (16)

then the algorithm calculates the determinant,
det = SyxSyy — (sxy)2 (17)

The determinant tells how the cluster is spread in 2D, if the determinant is large
the cluster is spread in both direction and if the determinant is small the cluster is
spread in one direction only. Then the trace and determinant are used to calculate the
eigenvalues which represent the spread across the two principal directions of cluster.

A1 =tr/2 +\(tr/2)? — det (18)

and

Ay =tr/2 —(tr]2)% — det (19)
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A1 represents the spread of the cluster in the main direction while A, represents the
spread of cluster along perpendicular direction. The trace, determinant and lambda are
intermediate values which are used to calculate the main direction of the cluster and
their actual value is of no significance. These are used to calculate the corresponding

direction using.
Sv=Av (20)

where § is the spread matrix, A is an eigenvalue, and v is the corresponding eigenvector.
For the larger eigenvalue A, the corresponding eigenvector v is calculated from:

(S - /lll)vl =0 (21)

This gives us the main direction v; of the cluster. In our case, this direction is
calculated using:

-5
v = l ‘ yy] (22)
which is then normalized to form a unit direction vector.

Vi

v = (23)
[Ivall
The second direction v, is chosen perpendicular to v as:
= |7 24
V2 [ Yo ] (24)

After estimating the main and perpendicular direction each centered point is projected
on these direction as:
a; = pivi (25)

and
bi = piv2 (26)

The dot operation in the above equations represents the dot product of these two
vectors. These projected points are used to estimate the amount of spread in each
direction.

E| = max(a;) — min(a;) (27)

E> = max(b;) — min(b;) (28)
The larger spread is called major extent and the smaller extent is called minor extent.

Emajor = max(El’ EZ) (29)

Eminor = min(El’ EZ) (30)

The major extent simply represents the larger side of the cluster and the minor extent
represents the smaller side of the cluster. In this case, for possible trolley leg candidate
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the major extend should be between 1 to 20 cm and the minor extent should be at most
10 cm, the clusters not falling in these ranges are filtered out.
Then for each cluster line residual is calculated which is given as:

(3D

Tline =

b; 1s the projection of the centered point in the perpendicular direction. Line residual
helps us in understanding how far the spread in a cluster is from main direction. This
allows us to filter out the noisy or irregular clusters. In this case, the clusters with line
residual of more than 2.5 cm are filtered out.

The compactness ratio for each cluster is also measured which is given by:

p= Emajor/Eminor (32)

It helps us in understanding how scattered the cluster is if major extent is much
larger than the minor extent the cluster is very elongated. In this case, the threshold for
compactness ratio is 60.0, which is a fairly moderate value preventing the extremely
stretched clusters to be accepted as trolley leg candidates.

So, each cluster is basically checked for the possible trolley leg candidate based on
four parameters, major extent, minor extent, line residual and compactness ratio. The
candidate that pass these tests become the candidate for possible trolley legs. These
clusters are then grouped based on their distance from each other, if the distance is
less than 1.60 m they are grouped together. This distance is the threshold since any
clusters which are separated by more than this distance cannot be the legs of the trolley
since this is greater than the maximum length of the trolley. Each group consist of 4
clusters and one cluster can be part of multiple groups and then they are checked if
they form a rectangle. The expected trolley length and width in this case are:

Lexp =1.13m (33)

Wexp = 0.90m (34)

These values correspond to the distance between the trolley legs center in longitudinal
and lateral direction. The expected diagonal length is

Dexp = ,/sz,, + W2, = L.44m (35)

so the detected width, length and the diagonal length from these candidates must
correspond to the expected dimensions with a little tolerance.

Lger — Lexp <TL (36)
Wiaer — Wexp < tw (37)
D ger — Dexp <7p (38)
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where 77 , Tw , Tp represent the tolerances in the length, width and the diagonal
length and their values were 0.18m, 0.20m and 0.22m in this case. The accepted four
cluster po,p1,p2,p3 that passes the diagonal check are tested for parallelism. For four
accepted clusters, edge vectors are calculated as follow:

€0 = p1— Po (39)
€1 = p2—Ppi (40)
e =p3—p2 (41)
e3 = po — P3 (42)

In this case eqg,e; and e;,e3 are adjacent edges and eg,e> and eg,e3 are opposite
edges. These vectors in the detected trolley are represented in the figure 5.
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Figure 5: Estimated trolley direction vector obtained from LiDAR-based detection of
trolley leg clusters.

The parallel check is performed for the width candidates ey and e, and the length
candidates e and e3. First these vectors are normalized using

€on en

éop=——=, &= (43)
lleoll el
and there dot product is checked for the width side of the trolley.
wp = [ép.é2| (44)

The dot operator represents the dot product between two vectors. Ideally, for a
parallel case w, must be equal to one in this case to account for the noise and other
disturbances the clusters are considered parallel, if

wp > 0.94 (45)
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Similarly, for length candidates the parallel check is performed as:
L, =|é1.63] > 0.94 (46)

The dot operator represents the dot product between two vectors. Then the clusters
that pass the parallel test are checked for the orthogonal check. Referring to Figure 5,
for the detected clusters to form a trolley the adjacent vectors should be perpendicular
and their dot product should be zero. so the following conditions are checked.

160.61| = 0 (47)
161.62] = 0 (48)
162.65] = 0 (49)
1865.60| = 0 (50)

To cater for noise and disturbances, the acceptable limit is 0.06 so if the dot product
is less than 0.06 it is considered orthogonal.

The passed candidates are checked for internal clutter, since there can not be any
thing under the trolley in the environment so ideally no other cluster should appear
inside area formed by these four clusters. So, the remaining clusters are checked if any
of them lie in between these four detected clusters. For that the distance is calculated
from the detected trolley center to the centroid of the cluster.

d=x-GC (5D

where x is the centroid of the cluster being checked and the C; is the center of
the trolley formed by the four detected clusters. Then this distance is projected along
length and width direction of the trolley.

Zw = d.W (52)
z=d.l (53)

This converts this cluster being tested into trolley’s own coordinates. Then this
cluster would be checked if its inside the trolley as follows:

lzw| > W/2 (54)
|zl > L/2 (55)

where W and L are width and length of the detected trolley. If the distance is less
than the half of length or width it means that cluster is located inside the four clusters
forming the trolley indicating a false positive for the trolley and that cluster is rejected.

The clusters that pass all these test are finally detected as the legs for the trolley.
In case, no four clustered pass all the tests and no valid trolley is detected, then three
leg search for the trolley begins, checking the distance between the clusters against the
dimensions of the trolley, but in this case no parallel test is performed and directly
orthogonal test is performed and then the fourth leg is predicted based on the remaining
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three and then the detected trolley is checked for internal clutter similarly to four
cluster case.

Once the trolley is confirmed, the docking reference is frozen in the map frame.
The detected trolley legs, trolley centre, and selected opening point are transformed
from the LiDAR scan frame to the map frame. A local docking frame is then defined
with its origin at the trolley opening. The positive x-axis points inward from the
opening toward the trolley centre, while the y-axis represents the lateral direction used
for alignment.

Based on this docking frame, a staging pose is generated outside the trolley
opening. In the current implementation, the staging distance is defined 1.50 m outside
the trolley opening while facing the docking direction. This staging pose provides a
safe approach location before the robot begins alignment and insertion under trolley.

3.1.3 Alignment and Docking

After reaching the staging location, the robot must be accurately aligned with the
trolley before docking. This alignment is performed in the docking frame, where
the longitudinal direction is aligned with the trolley opening and the lateral direction
represents the side to side offset from the trolley centerline. In this frame, three main
errors are evaluated: the longitudinal error e, the lateral error ey, and the yaw error
ep. The longitudinal error describes whether the robot is too far from or too close to
the trolley opening, the lateral error describes the offset from the center of the trolley
opening, and the yaw error describes the angular difference between the robot heading
and the desired docking direction.
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Figure 6: Robot—trolley configuration during the alignment and docking phases.
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Before docking, the robot is also checked to ensure that it remains within the
predefined alignment corridor. This corridor is located outside the trolley opening and
provides a safe region where the robot can correct its position and orientation before
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entering the trolley. In addition, the robot footprint is checked against the detected
trolley opening to ensure that the robot can physically fit between the trolley legs.
Robot is only allowed to go under the trolley once it is sufficiently aligned in position
and orientation and when the footprint check is satisfied.

For a differential drive robot, the robot’s kinematics are defined in [40] as:

X =vcosf (56)
y=vsinf (57)
0=w (58)

where x and y represent the robot position in the global coordinate frame, while 6
represents the robot heading angle with respect to the global x-axis. The terms x and
y represent the velocity components in the global x and y directions, respectively. The
term 6 represents the rate of change of the robot heading angle. The variables v and w
represent the linear and angular velocities of the robot, respectively.

From these equations, it can be stated that for a differential drive robot, the robot
heading changes directly with angular velocity w, which means that error in heading
angle directly changes with angular velocity. The changes in lateral movement of the
robot occurs according to Equation (57). If we write it in terms of errors:

€y, = vsineg (59)

Since during alignment, the change in 6 is very small and so is the change in the
yaw error so we can assume that for this case.

siney = eg (60)

So, the equation (60) becomes:
€y = vey 61)

This means that the lateral error is coupled with the yaw error, while the yaw error
is influenced by the angular velocity. Consequently, changes in angular velocity affect
the yaw error, which in turn influences the lateral alignment of the robot. Therefore,
a discrete-time LQR is used to simultaneously correct the lateral and yaw errors.
Since a differential-drive robot cannot move sideways directly, the lateral error must
be corrected by steering the robot while it moves forward. The angular velocity w is
selected as the control input because it directly affects the robot yaw angle, and the
yaw angle subsequently influences the lateral motion of the robot. The discrete time
state space error model is written as

Xi+1 = Axp + Buy (62)

where x; is the error state at time step k, uy is the control input, and A and B
describe the discrete-time error dynamics. In this controller, the LQR state is defined
as
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€9

Xp = [ey] (63)

where e, is the lateral error and ey is the yaw error. The control input is the angular
velocity,

Up = w (64)
The discrete model used for the LQR controller is
1 vAt
A= [O 1 ] , (65)
and,
0
B = [ At] (66)

where v is the nominal linear velocity and At is the controller sampling period.
This model is obtained from the local motion of the robot near the docking direction.
When the robot has a yaw error and moves with velocity v, its lateral error changes

approximately according to
ey(k+1) =ey(k)+Ate, (67)

Since rate of change in the lateral error € is given by equation (61), so
ey(k+1) =ey(k)+vAtey(k) (68)
The yaw error is directly affected by the angular velocity command,

eg(k +1) = eq(k) + Atw(k) (69)
Therefore, the complete discrete-time model becomes
ey(k+1)| |1 vAt||e,(k) 0

[eg(k w00 1 | epr)| T [ar] @) (70)

The LQR controller determines the angular velocity by minimizing a quadratic
cost function. The cost function is given by

J =" [l xi + ul Ruy) (71)
k=0

where Q is the state weighting matrix and R is the control weighting matrix. The
matrix Q determines how strongly the controller penalizes lateral and yaw errors, while
R determines how strongly it penalizes angular velocity effort. For this controller, the
cost function can be written as

T =3 (aver (0 + goea(6)? + row(k)?) (72)

o0

k=0
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Here, g, is the penalty on lateral error, gy is the penalty on yaw error, and
Iy 1s the penalty on angular velocity. A larger value of g, makes the controller
more aggressive in reducing lateral offset, while a larger value of gy makes it more
aggressive in correcting yaw error. A larger value of r, discourages large angular
velocity commands, resulting in smoother and less aggressive steering.

The values of Q and R are selected separately for the outside alignment and docking
phases. During docking, the lateral and yaw error penalties are increased because
small misalignment are more critical when the robot is entering the trolley. Therefore,
the controller is made stricter during docking than during the outside alignment phase.

To compute the optimal feedback gain, the discrete algebraic Riccati equation
given in [41] is solved:

-1
P=0+ATPA—ATPB (R + BTPB) BTPA (73)

The matrix P represents the long term cost associated with the current error state.
It is not used directly as a velocity command. Instead, it is used to compute the LQR
feedback gain K, which is given by

-1
K = (R + BTPB) B'PA (74)

Finally, the angular velocity command is calculated using the LQR feedback law:

w=—-Kx (75)

Since K contains the feedback gains for lateral and yaw error, the controller
generates an angular velocity that simultaneously reduces the lateral offset and yaw
misalignment. The resulting angular velocity is then limited by predefined saturation
bounds to ensure safe and smooth robot motion.

The longitudinal motion of the robot is not controlled by the LQR controller.
Instead, it is regulated using a proportional controller based on the longitudinal error
in the docking frame. The longitudinal error e, represents the difference between
the current robot position and the desired target position along the docking direction.
During the outside alignment phase, this target corresponds to a safe alignment position
outside the trolley opening. During the docking phase, the target corresponds to the
final insertion depth inside the trolley.

The longitudinal error is defined as

0x =X —%f (76)

where x is the current robot position in the docking frame and x 7 is the desired lon-

gitudinal position. The linear velocity command is then calculated using proportional
control:

v =—kee, (77)

where k, is the proportional gain for the longitudinal controller. The negative sign

ensures that the robot moves in the direction that reduces the longitudinal error. For
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example, if the robot is too far behind the target position, it moves forward. If it is too
far ahead during the alignment phase, it can move backward to return to the desired
alignment location.

The longitudinal velocity is controlled separately from the LQR because the
robot can directly actuate motion in the longitudinal direction using its linear velocity
command. Therefore, the x direction error can be corrected using a simple proportional
controller. In contrast, the lateral error cannot be corrected directly because the robot
cannot move sideways. The lateral error must be corrected indirectly by changing
the robot heading while moving. For this reason, the LQR controller is used for the
coupled lateral and yaw dynamics, while the longitudinal motion is handled separately.

To improve safety, the longitudinal velocity is also modified using a speed gate.
The speed gate reduces the forward velocity when the lateral error or yaw error is
large. It is defined as

1

- (78)
1+ kg,yleyl + kg’glegl

8

where g is the speed gate, e, is the lateral error, eg is the yaw error, kg , is the gain
associated with lateral error, and kg ¢ is the gain associated with yaw error. The final
longitudinal velocity is then calculated as

Vemd = 8V (79)

This means that when the robot is well aligned, e, and eg are small, so g is close
to one and the robot can move normally. When the robot has a large lateral or yaw
error, g becomes smaller and the robot slows down. This gives the controller more
time to correct the alignment before the robot moves further toward or into the trolley.
The final velocity command is also limited by predefined minimum and maximum
velocity bounds to ensure smooth and safe motion.

After alignment and insertion, the robot reaches the correct coupling position
relative to the trolley. Since the system is implemented in simulation rather than on
the real robot, the trolley is connected using an attachment plugin instead of a physical
coupling actuator. Once the attachment plugin connects the trolley to the robot, the
robot footprint is updated to include the trolley dimensions so that Nav2 can safely
plan for the combined robot-trolley system. Nav2 then moves the trolley to the target
position, after which the attachment plugin is used to detach the trolley, the footprint
is restored to its original size, and the task is completed.

3.2 Simulation Setup
3.2.1 Simulation Environments

To test the algorithm in simulation, ignition gazebo is used as a simulator, the algorithm
is tested in three different environments with details below

The first simulated environment represents a physical laboratory space located
at Aalto University. The laboratory has an approximately rectangular layout with
dimensions of about 5.7 m x 8.5 m. Most of the static obstacles are positioned near
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the boundaries of the environment, while the central region provides relatively open
workspace for robot motion and task execution.

The environment contains several objects commonly found in an industrial lab-
oratory setting, including storage racks, pallets, workbenches, and other laboratory
equipment. These objects create partially constrained and cluttered regions within
the workspace, making the environment suitable for evaluating the robustness of the
proposed navigation algorithm. In particular, the layout allows the algorithm to be
tested under realistic conditions involving limited clearance, static obstacles, and
constrained maneuvering space. The environment is shown in the Figure 7

Figure 7: Cage Lab used as environment 1 in the simulation.

The second test environment represents an factory warehouse scenario with
approximate dimensions of 24 m x 40 m. This environment was selected because
it closely reflects the intended application domain of the proposed trolley tracking
and autonomous navigation algorithm. The warehouse layout consists of multiple
storage racks and storage units arranged in close proximity, forming narrow aisles and
constrained maneuvering regions.

Compared with the laboratory environment, the warehouse scenario provides a
more challenging test case. The narrow aisles between the storage racks impose
strict spatial constraints on the robot, requiring accurate path following, reliable
trolley tracking, and precise alignment during approach and docking.These constraints
are particularly relevant for evaluating the algorithm’s ability to operate in realistic
intralogistics environments where available space is limited.

In addition, the warehouse contains several objects with geometric features similar
to the target trolley. This increases the complexity of trolley detection and tracking, as
the perception system must distinguish the correct trolley from geometrically similar
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surrounding objects. Therefore, this environment provides a challenging evaluation
scenario for assessing both the robustness of the trolley identification process and
the reliability of the robot’s navigation behavior in a cluttered factory setting. The
environment is shown in Figure 8

Figure 8: Factory Warehouse used as environment 2 in the simulation.

The third test environment represents a factory like setting with approximate
dimensions of 42 m x 60 m. In contrast to the other two environments, this scenario
provides a more open workspace with fewer spatial constraints. The environment
includes several industrial objects and equipment placed within specific regions,
creating a layout representative of a factory floor.

This environment was selected to evaluate the proposed trolley tracking and
navigation algorithm in a larger and less congested factory scenario. The open layout
allows the robot to move over longer distances while still requiring reliable tracking,
obstacle avoidance, and alignment with the target trolley. Therefore, this environment
provides a complementary test case for assessing the algorithm’s performance beyond
highly constrained or cluttered spaces. The environment is shown in Figure 9

3.2.2 Robot and Trolley Model for Simulation

The robot platform used for this project is Neobotix Rox Diff, which is a mobile
robot with differential drive configuration. The robot uses a two wheel differential
drive system for motion, making it suitable for navigation tasks in structured indoor
environments. The platform has overall dimensions of 811 mm x 680 mm and
is equipped with two LiDAR sensors and a camera, which provide the perception
capabilities required for environment sensing, localization, and navigation. This
platform is primarily intended for indoor operation and is well suited for industrial and
factory-like environments. For this reason, it was selected for this project, as its design
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Figure 9: Factory Floor used as environment 3 in the simulation.

and intended application are consistent with the operating conditions considered in
this project. The mobile platform is shown in the Figure 10.

Figure 10: Neobotix ROX-Diff mobile robot platform used as the robot model in the
simulation.[42]

For the simulation of the robot in Gazebo, an open-source model is provided by
Neobotix. The model closely represents the physical robot platform and includes the
main mechanical and sensing components required for this work. The simulated robot
model consists of two drive wheels for differential motion and four castor wheels for
structural support and stability.

The simulated platform also includes the sensors required for navigation and
perception, namely an IMU, two 2D LiDAR sensors, and an RGB-D camera. The
LiDAR sensors were configured to publish laser scan data at 10 Hz, while the IMU
operated at 50 Hz. The camera provided RGB-D data at 30 Hz with a resolution of 640
x 480 pixels. Sensor noise is also included in the simulation to achieve more realistic
sensor behavior. This sensor configuration made the robot model suitable for testing
localization, perception, and autonomous navigation in the simulated environment.

The trolley model used in this project has dimensions of 1200 mm x 800 mm and
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is supported by four wheels. Its structure is supported only at the four corners, leaving
the central area underneath unobstructed. This prevents the trolley from blocking the
robot’s LiDAR field of view during operation. The trolley dimensions were selected
to provide sufficient clearance for the robot to fit underneath during alignment and
docking. The trolley model used in this simulation is shown in Figure 11

Figure 11: Trolley model used in the simulation for the navigation task.

3.2.3 Testing Setup

To validate the algorithm developed for the navigation of the trolley, tests were
conducted in three different environments as described earlier under varying operating
conditions. These conditions were varied by changing the accuracy of the UWB
output, the level of noise in the LiDAR data, orientation of the trolley and also position
of both trolley and the robot.

In simulation, the UWB is simulated by adding gaussian noise to the accurate
trolley coordinates , this was done to make the simulation conditions more realistic as
UWB measurements contain inherent noise in actual operation. The trolley position
obtained form trolley transform is given by:

Dt =

Xt
yt] (80)

where x; and y, represent the x and y coordinates of the trolley. After receiving
the coordinates of the trolley the gaussian noise is added to it. For gaussian noise, the
range is defined between 0.3 to 1 m. This is the typical error in the measurement of a
UWB measurement. Every time before publishing the trolley location a random noise
value is selected from this range and a noise matrix is generated as:

— nx
]
This noise is added to the trolley pose to generate the simulated UWB estimate of

the trolley location.

Ny
ny

Puwb = Ppr+n =

Yt Yuwb

[xuwb] (82)
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This noisy trolley position is published as a coarse pose estimate. When the
docking node receives this pose, it first checks whether the estimate is recent enough
to be used. The received pose is then converted to the map frame.

Py = R(6if) puws + tiy (83)
where R(6; ) is the rotation matrix and ¢, is the translation vector.

Similarly, noise was added to the LiDAR measurements because real LiDAR
sensors are also affected by measurement errors. The LiDAR included a Gaussian
noise of 0.01 m, meaning that each LiDAR reading contained a random error with a
standard deviation of 1 cm. Without these noise, the simulation would represent an
ideal environment rather than conditions that are closer to real world sensor behavior.

The test conditions were further modified by changing the initial position of the
robot, as well as the position and orientation of the trolley. This made it possible
to evaluate the algorithm across multiple scenarios and assess its reliability and
robustness.

Three initial trolley orientations were considered with respect to the robot’s
approach direction:

* The trolley is positioned in the same direction as the robot’s approach direction,
resulting in an approximate relative orientation of 0°.

* The trolley is positioned perpendicular to the robot’s approach direction, resulting
in an approximate relative orientation of 90°.

* The trolley is positioned at an intermediate angle with respect to the robot’s
approach direction, resulting in a non-zero relative orientation other than 90°.

The orientation of the trolley was varied to evaluate the reliability and robustness
of the controller used for robot and trolley alignment. Testing the trolley at different
angles makes it possible to assess how well the controller can achieve the desired final
docking pose while maintaining the required tolerances in the longitudinal, lateral,
and yaw directions.

Parallel Perpendicular Angled

Figure 12: Different trolley orientations used for testing in the simulation.
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In addition to changing the orientation of the trolley, the physical locations of
both the robot and the trolley were also varied within the environment. Changing
the locations is important to test the algorithm under different obstacle layouts. The
positions of the trolley and the robot used in the testing are shown in Figures 13,
14, 15

Figure 13: Different initial testing positions of the trolley and the robot in simulation
environment 1, where X represents the trolley location and e represents the robot
location.

Figure 14: Different initial testing positions of the trolley and the robot in simulation
environment 2, where X represents the trolley location and e represents the robot
location.
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Figure 15: Different initial testing positions of the trolley and the robot in simulation
environment 3, where X represents the trolley location and e represents the robot
location.

The positions marked in the these figures approximately represent the locations of
the trolley and the robot during testing, some of these location might be overlapping
in simulation but are shown a bit far apart in the figure for clarity. Also, note that
for each of these trolley location, the trolley was tested in all the three orientation as
defined earlier.
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4 Results

The evaluation was primarily based on the success of the docking process, although
the overall success of the complete mission was also considered. The first performance
parameter analyzed was the time required for the robot to complete docking. This
includes both the alignment of the robot with the trolley and its subsequent docking
beneath the trolley at the desired position.

For successful docking and transportation of the trolley, the robot must dock
accurately at the intended location underneath the trolley. Therefore, positional
misalignment was considered as an important evaluation parameter. This includes
lateral and longitudinal position errors, as well as orientation error between the robot
and the trolley.

In addition to docking performance, the overall behavior of the robot during the
complete mission was also evaluated. For this purpose, the overall mission speed was
considered, which was calculated as the ratio of the total mission length to the total
mission time.

4.1 Docking Time

Docking time was measured for each test case across three different simulation
environments. In each environment, the tests were carried out by varying both the
position and orientation of the trolley, as well as the initial starting position of the robot
model. This allowed the docking algorithm to be evaluated under different approach
conditions and helped assess its consistency across a range of scenarios. In total,
results were obtained from 70 simulation trials in each of the three environments.

The average docking time in the first simulation environment was approximately
25.13 s, with a standard deviation of 5.13 s. In the second environment, the average
docking time was almost similar to first one, at approximately 25.15 s, with a standard
deviation of 4.6 s. The third simulation environment resulted in a lower average
docking time of approximately 17.66 s. However, it also showed a higher standard
deviation of 6.88 s, indicating greater variability in the docking performance within
that environment.

The third environment has more open and less congested areas, which results in
generally lower docking times because the robot can align with the trolley quickly
regardless of its placement or orientation. However, a few congested regions still
require additional maneuvering when the trolley is placed there, increasing the docking
time in those cases. As a result, the mean docking time remained low, while the
variation caused by these few difficult locations resulted in relatively higher standard
deviation.

Across the individual tests, the trolley orientation had a clear effect on docking
time. When the trolley was placed at an angle to the robot’s approach direction, the
algorithm generally required more time to align the robot with the trolley, resulting in
the highest docking times. Perpendicular trolley orientations required relatively less
time, while the lowest docking times were observed when the trolley was aligned with
the robot’s approach direction.
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The level of noise in the UWB measurements had no direct impact on the docking
time, since the UWB measurements were not used during the docking phase. The
UWB noise only affected the estimation of the stand-off location, from which the
robot navigated toward the staging location. Docking started only after the robot
had reached the staging location; therefore, variations in UWB noise did not directly
influence the docking time.

The docking time obtained across the three environments shown in the Figure 16
and the distribution of these results are shown in Figure 17
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Figure 16: Histograms of the docking time observed across three environments.
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Figure 17: Distribution of the docking time observed in each environment

The spread in the results is mainly attributed to the orientation of the trolley and
the docking location of the trolley, the higher docking time in these figures represent
the conditions when the trolley was placed at an angled orientation with respect to
trolley. The maximum docking time was observed in the cases when the trolley was
approximately at 45 deg from the approach angle of the robot and the minimum time
was observed when the angle between the robot and the trolley was close to zero.
Figure 17 represents the distribution of these results in each environment, the blue area
represents the main spread in the data while whiskers represent the upper and lower
limits observed in the data. The highest values of the docking time represent some of
the cases where the robot had to attempt the docking more than once to align itself
with the robot because of the large misalignment between the robot and the trolley.

4.2 Position Misalignment

To evaluate how accurately the trolley position was detected and how precisely the
algorithm reached the desired final docking location, the position error was measured.
The position error represents the final misalignment of the robot with respect to the
trolley in both the lateral and longitudinal directions. This is an important performance
parameter because accurate positioning is required for successful docking and coupling.

Lateral alignment is particularly important to ensure that the robot can move
underneath the trolley without colliding with the trolley side walls. If the lateral error
is too large, the robot may not be centered correctly with respect to the trolley, which
can prevent smooth docking and increase the risk of contact with the trolley structure.
Similarly, longitudinal alignment is critical because the robot must reach the correct
position underneath the trolley for the coupling mechanism to operate properly. Any
significant longitudinal offset may result in incomplete or failed coupling.

The position error was evaluated for all test cases in the three simulation environ-
ments using the same testing procedure as for docking time. For the longitudinal error,
the mean values were —0.49 cm, —0.68 cm, and 0.70 cm in the first, second, and third
environments, respectively, with corresponding standard deviations of 0.65 cm, 0.70
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cm, and 0.50 cm. For the lateral error, the mean values were 0.18 cm, 0.15 cm, and
0.45 cm, with standard deviations of 0.55 cm, 0.45 cm, and 0.28 cm, respectively.

Overall, the longitudinal errors remained within a similar range across all three
environments. The lateral errors in the first two environments were also comparable,
while the third environment showed a slightly higher mean lateral error. The difference
in the average values shows a little variation in the performance of the controller but
the magnitude of the error remained still very small in all cases. The longitudinal error
across the three environment is shown in Figure 18 and the distribution of longitudinal
error results is shown in Figure 20, the lateral error across three environments is
shown in Figure 19 and the distribution is shown in Figure 21

Environment 1
12

10

Frequency in Results
o

Environment 2

Frequency in Results
[}

Environment 3

Frequency in Results
[e)}

-0.615 -0.010 -0.005 0.000 0.605 0.(510 0.(515 0.020
Longitudinal Error (m)

Figure 18: Histograms of longitudinal error observed across three environments.
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Figure 19: Histograms of lateral error observed across three environments.
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Figure 21: Distribution of lateral error observed across each environments

UWB noise had no impact on the final position error of the robot, similar to
docking time as discussed earlier. The variation observed in the longitudinal and
lateral errors is mainly due to the predefined tolerance limits used for docking. All
recorded error values remained within these specified limits. The results also show no
clear relationship between the longitudinal or lateral error and the trolley orientation
or trolley location during docking.

4.3 Orientation Misalignment

Orientation misalignment refers to the yaw error between the robot and the trolley at
the final docking position. It indicates how well the robot is angularly aligned with
the trolley during docking. This parameter is important because successful docking
not only requires accurate lateral and longitudinal positioning but also proper angular
alignment. A large yaw error can cause the robot to collide with trolley. Therefore,
orientation alignment is important to accurately dock the robot under trolley.

The orientation error was evaluated across the three simulation environments using
the same test scenarios as the position error and docking time analyses. The mean
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orientation errors were —0.001 rad, —0.002 rad, and —0.006 rad in the first, second,
and third environments, respectively, with corresponding standard deviations of 0.007,
0.006, and 0.004 rad.

Overall, the orientation errors remained small and comparable across all envi-
ronments. The first two environments showed very similar results, while the third
environment showed a slightly larger mean error. This behavior is consistent with
the lateral error results, since the same controller influences both lateral alignment
and yaw correction. However, the overall orientation error remained very small in all
cases, indicating stable alignment performance. The orientation error obtained in the
three environments is shown in the Figure 22 and the distribution is shown in 23
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Figure 22: Histograms of orientation error observed across three environments.
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Similar to the position misalignment results, the orientation misalignment results
also remained within the predefined limits. The misalignment in the error was not
effected by the trolley alignment or the trolley position in the environment. The error
values were rather random in between these limits. Similar to the previous case, the
UWRB noise had no impact on the orientation misalignment at the docking stage.

4.4 Average Mission Speed

The total mission speed represents the average speed of the robot over the complete
docking mission. While the previous performance parameters focused mainly on
the docking phase itself, the total mission speed was used to evaluate the overall
motion performance of the robot throughout the entire task. This parameter provides
an indication of the overall efficiency of the navigation and docking algorithm, as it
considers the complete mission duration rather than only the final docking maneuver.

The total mission speed was calculated as the ratio between the total path length
traveled by the robot and the total time required to complete the mission. Therefore,
a higher mission speed indicates that the robot was able to complete the task more
efficiently, while a lower mission speed may indicate longer travel distances, additional
alignment maneuvers, obstacle avoidance behavior, or slower motion during the
approach to the trolley.

The average mission speeds in the first, second, and third simulation environments
were 0.240 m/s, 0.237 m/s, and 0.162 m/s, with standard deviations of 0.065 m/s,
0.054 m/s, and 0.066 m/s, respectively.

The average mission speeds in the first two environments were comparable,
indicating similar overall motion behavior despite differences in obstacle layout.
The first environment was more spatially constrained, while the second environment
introduced challenges due to narrow aisles, multiple obstacles, and objects similar to
the target trolley. In the third environment, the lower average speed can be attributed to
the mixed layout, where open regions are combined with a few congested areas. When
the trolley was located in constrained regions, the robot required more adjustment
during tracking and alignment, increasing the variability in speed. This is reflected in
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the relatively higher standard deviation observed in the third environment.
The total mission speed observed across the three simulation environment is shown
below:

Environment 1

18

15 A

124

Frequency in Results
(e}

0 . . !
Environment 2

18

15 A

12 A

Frequency in Results
[(e}

Environment 3
18

15

124

Frequency in Results
o

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35
Speed (m/s)

Figure 24: Histograms of average mission speed observed across three environments.
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Figure 25: Distribution of average mission speed observed across each environments

The average mission speed was affected by changes in the environmental conditions.
When the robot or trolley was positioned such that the path contained several obstacles,
the robot required more navigation adjustments, which reduced the average mission
speed. Similarly, the trolley orientation influenced the docking time, cases with larger
orientation differences generally required longer docking times, which resulted in a
lower average mission speed compared with cases where the robot and trolley were
more closely aligned. UWB noise also had some effect on the average mission speed.
A noisier UWB measurement could generate a stand-off pose farther from the trolley,
increasing the time required to reach the staging location. However, this effect was
limited because the additional distance was usually small, typically within about 12
m. Therefore, although UWB noise could slightly affect the overall mission speed,
its impact was not significant compared with the effects of obstacle layout, trolley
position, and trolley orientation. Overall, the spread observed in the histograms for the
three environments can be attributed to these factors, with obstacles in the navigation
path being the main contributing factor.

4.5 Failure Classification

During testing in different simulation environments, the algorithm did not complete
the mission successfully in all cases. The observed failures occurred at different stages
of the overall navigation and docking process and were caused by several factors.

One of the common failure cases was related to trolley detection. In some scenarios,
the robot was unable to detect the trolley reliably, especially when it approached the
trolley from an unfavorable direction or when the surrounding environment was highly
cluttered. In such cases, the algorithm was not always able to identify the trolley
features clearly enough to estimate its position and orientation accurately.

Another failure mode was observed during the docking phase, where the robot
occasionally collided with the trolley. This was mainly caused by noisy lidar
measurements, which affected the accuracy of trolley leg detection. Since the
algorithm relies on identifying the four trolley legs to estimate the trolley pose,
inaccurate or incomplete detection of these features resulted in errors in the estimated
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docking position. As a result, the robot sometimes approached the trolley with
incorrect alignment, leading to contact with the trolley structure.

Failures were also observed during the navigation phase after docking, when the
robot was transporting the trolley toward the final goal position. In some cases, the
robot got stuck while navigating with the trolley. This may have been caused by
limitations in path planning, local obstacle avoidance, or the increased footprint and
motion constraints of the robot-trolley system after docking.

Overall, the failure cases show that although the algorithm was able to complete the
mission successfully in most scenarios, its performance was affected by environmental
clutter, sensor noise, and navigation constraints during trolley transport. These
observations highlight important areas for further improvement, particularly in robust
trolley detection, LiDAR data filtering, collision avoidance during docking, and
navigation planning after coupling with the trolley.

The failure cases discussed in this section were analyzed separately from the
successful trials presented earlier. These failures represent the additional unsuccessful
simulation attempts encountered while obtaining a total of 70 successful mission
completions. Figure 26 illustrates the distribution of failures across the three simulation
environments and classifies them into three main categories: failure in trolley detection,
robot collision with the trolley, and failure during navigation after docking.

100

B Failure in trolley detection
I Robot collision with trolley

804 B Failure during navigation

70.0%

Percentage of Failures (%)

Environment 1 Environment 2 Environment 3
Testing Environment

Figure 26: Comparison of failure modes across the three simulation environments.

It can be observed from the figure that the dominant failure mode varied depending
on the characteristics of the environment. In Environment 1, the algorithm failed 10
times and the highest number of failures was associated with navigation after docking
accounting for nearly 70 %, while 30 % cases were related to collision with the trolley,
and no failures were recorded for trolley detection. This trend can be attributed mainly
to the congested nature of the first environment. Although the robot was generally
able to detect and dock with the trolley, navigating while transporting the trolley was
more difficult because the restricted space increased the likelihood of the robot getting
stuck or failing to complete the path to the final goal.

In Environment 2, the algorithm failed 15 times and the most significant failure
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mode was failure in trolley detection, which accounted for nearly 53.3 % of the total
failures. In comparison, 26.7 % failures were caused by collision with the trolley,
and 20 % of failures occurred during navigation. This environment represented a
warehouse like setting, where the trolley was sometimes positioned in narrow aisles
between storage racks. Under these conditions, the robot often approached the trolley
from a highly unfavorable angle, which made trolley detection more difficult. In
addition, the legs of the trolley could be confused with clustered lidar returns from the
rack legs, making it harder for the algorithm to distinguish the trolley structure from
the surrounding environment. The collision related failures in this environment were
also likely influenced by noisy lidar measurements, which reduced the accuracy of
estimating the trolley leg positions and, consequently, the docking pose.

In Environment 3, the failures were distributed more evenly across the three
categories and in total algorithm failed 8 times. The figure shows 25 % failures
occurred in trolley detection, 50 % failures occurred due to collision with the trolley,
and 25 % failures during navigation. Compared with the other environments, this
environment was more open and less cluttered, which reduced the likelihood of
failures being concentrated in a single category. As a result, the observed failures
were more balanced and appeared to arise from general limitations of sensing and
docking accuracy rather than from severe environmental constraints.

This representation of the failures across different environments highlights how
changes in operating conditions affect the behavior and reliability of the overall
navigation process.
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5 Discussion

The results showed that the layout and configuration of the testing environment had
some effect on the achieved performance. For docking time, the average value across
the three environments was approximately 22.64 s. However, when the individual
environments were compared, it was observed that the docking time for the first
two environments was comparable and the peak values were observed at the similar
locations and the docking was a bit faster in the third environment. This improvement
was not caused by a major change in the algorithm’s performance, but rather by the
layout of the last environment. The third environment contained some congested areas
with multiple obstacles, but also had a large proportion of open space. Since the
trolley positions were selected using the same method as in the other environments,
many docking tests occurred in wider areas where navigation was easier and less
obstacle avoidance was required. As a result, the overall mean docking time in this
environment was reduced. Also, for a particular environment it was observed that
when the trolley was at an angled orientation, it took longer time for the robot to dock
as compared to when the trolley was parallel or perpendicular, the reason is since the
robot is a differential drive robot and cannot correct the lateral offset directly and thus
takes longer time in case of an angled orientation.

The average docking time of 22.64 s observed in this work is considerably higher
than the best value of 11.21 s reported by [17]. In the current implementation, an LQR
controller is used together with a proportional controller. The forward velocity of
the robot is limited by the lateral and longitudinal offset errors corrected by the LQR
controller, which may contribute to the longer docking time. Therefore, it would be
valuable to investigate how other control strategies perform under similar conditions.
During the initial development, a simple proportional controller was implemented
to correct all three pose errors of the robot. Although this controller achieved faster
docking, its performance was worse in terms of correcting the lateral offset of the
robot. This indicates a trade off between docking speed and final alignment accuracy.
As aresult, future work could explore alternative control approaches, such as feedback
linearization, to evaluate whether they can provide a better balance between docking
time and alignment accuracy under the same operating conditions.

It is important to consider the differences in working and operating conditions
when comparing the two results. Zhao et al. [17] defined a 4.5 m approach phase,
during which the robot travels at a fixed speed of 0.4 m/s while continuously correcting
its position and orientation errors. Their method formulates an error equation and
iteratively solves it to determine the required correction for alignment. In the final
phase, visual feedback from a QR code is also used to compensate for noise in the
LiDAR measurements. In our case, the alignment phase is shorter, with a length
of 1.5 m, and the robot speed is not fixed. Instead, the speed is adjusted based on
controller feedback, where larger misalignment results in a lower speed and smaller
misalignment allows a higher speed, with the maximum speed limited to 0.4 m/s.
Therefore, the shorter alignment region in our case leads to a more conservative
docking behavior, resulting in a slower docking speed.

For the position error, the results obtained from all three environments were
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comparable and remained within the predefined controller tolerances. In the case
of longitudinal error, the error values were more evenly distributed in the first two
environments, whereas in the third environment they were more concentrated within a
smaller range. This reflects the behavior of the controller during the final docking
phase. Since the longitudinal error represents how close the robot is to the desired
docking position, the alignment phase is terminated once the robot reaches the defined
tolerance limits, and the corresponding error at that instant is recorded. Similarly, the
lateral error values were also comparable across all three environments and remained
within the specified tolerance range. These results indicate that the controller was able
to achieve consistent lateral and longitudinal positioning performance under different
environmental conditions.

For the orientation error, a similar trend was observed. The yaw error values were
distributed within a comparable range across the three environments and remained
within the predefined tolerance limits. Since the lateral and orientation errors are
coupled during the alignment process, the algorithm terminates the alignment phase
once both errors satisfy their respective tolerance criteria. Therefore, the lateral
and yaw errors recorded at the end of alignment represent the final values at the
moment when the controller considered the robot sufficiently aligned for docking. As
these errors remained within the allowed limits in all three environments, the results
demonstrate the consistent performance of the controller in maintaining the required
docking alignment.

The average longitudinal and lateral misalignment values obtained in this work
were approximately 0.62 cm and 0.26 cm, respectively. In comparison, [17] reported
a best position misalignment of approximately 1 cm in both directions. Similarly,
the average orientation misalignment achieved in this work was approximately 0.003
rad, compared with approximately 0.014 rad reported by [17]. These results show
that the controller achieved very accurate alignment in simulation. However, it is
important to note that the experiments in this work were conducted in a simulation
environment, whereas the results used for comparison in the literature were obtained
using an actual robot.Real world testing with a physical LiDAR introduces additional
challenges depending on the hardware used, the operating range, and the surrounding
environment. Typical noise in a 2D LiDAR can range from 1 cm to 3 cm. In this
work, a noise level of 1 cm was used, which is reasonable because the LIDAR was
primarily used for short range and close distance detection of the trolley. Nevertheless,
the actual effect of LiDAR noise and other hardware related uncertainties can only be
fully evaluated after implementing and testing the system on a real robot.

For the total mission speed, the average speed in the third environment was slightly
lower than in the other two environments. However, when only the docking speed is
compared across the three environments, the mean docking speed was actually higher
in the third environment. Therefore, the lower total mission speed cannot be directly
attributed to the docking phase. This behavior was somewhat unexpected because the
third environment was relatively more open than the other environments, and the robot
would normally be expected to move faster due to simpler navigation. One possible
explanation is that the open layout resulted in shorter paths to reach the trolley, so a
significant proportion of the total mission time was spent during the alignment phase
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rather than during navigation. Since the total mission speed depends on the overall
distance traveled and the total mission time, a shorter traveled distance combined with
the time required for alignment can result in a lower average speed.

During the evaluation, three main types of failures were observed: failure in trolley
detection, collision between the robot and trolley, and failure during navigation. In
the first environment, which was smaller and less cluttered as discussed earlier, no
failures were observed in trolley detection. The trolley was successfully detected in
all test cases. However, the limited size of the environment affected the navigation
performance, especially when the robot was transporting along with the trolley. In
some cases, the combined footprint of the robot and trolley was too large to complete
turns in narrow areas, resulting in navigation failure. A few failures were also caused
by collisions between the robot and the trolley, which can be attributed to noise in
the trolley position estimated from the LiDAR data.Failures caused by robot trolley
collision were observed in all three environments with comparable frequency. This
suggests that the effect of LIDAR noise was not specific to a particular environment,
but influenced the docking process in a similar way across all test scenarios.

In the second environment, the most significant cause of failure was unsuccessful
trolley detection. This was mainly due to the warehouse like structure of the
environment, where several objects had geometric features similar to the trolley legs.
As a result, the detection algorithm sometimes failed to correctly identify the trolley.
In addition, the narrow aisles in this environment caused the robot to approach the
trolley from angles where not all trolley legs were visible to the LiDAR, which further
contributed to detection failures.

In the third environment, most failures were caused by collisions between the
robot and the trolley due to LiDAR noise. Although this failure mode had the highest
percentage contribution in this environment, the actual number of collision cases was
comparable to the other environments. This again indicates that LiDAR noise affected
all environments in a similar manner. The contribution of the other failure types
was lower in the third environment because it was relatively more open, reducing
the chances of navigation failure and trolley detection failure caused by surrounding
obstacles.

One limitation of the current implementation is that the trolley pose is locked
after the trolley is detected from the LiDAR point cloud. The robot then performs the
final alignment using this fixed trolley position. Continuously updating the trolley
pose during alignment could improve robustness, since multiple LiDAR scans could
be used to reduce the effect of noise in the detected trolley position. However, this
would also introduce additional challenges. For example, the trolley legs may become
temporarily occluded as the robot changes its orientation, causing the LiDAR to
lose reliable detection. Therefore, continuous LiDAR-based updating would require
additional logic to handle temporary loss of detection and occlusion.

A related limitation was observed in few simulation conditions, where the algorithm
failed to detect the trolley after the robot reached the coarse navigation location
estimated using UWB. In these cases, the robot arrived close to the trolley but with an
orientation in which the trolley legs were not visible to the LiDAR. As a result, the
detection algorithm failed even though the trolley was nearby. To address this issue,
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the algorithm could be modified so that if no valid trolley is detected after reaching
the coarse navigation location, the robot performs an in-place rotation to search for
the trolley. This would reduce false detection failures caused solely by an unfavorable
initial orientation of the robot.

Another limitation of the current implementation is that the algorithm was tested
only in environments where only static obstacles were considered. In real factory
environments, obstacles are often dynamic, and the robot may encounter moving
objects, workers, or other equipment. Dynamic obstacles are less likely to affect the
initial movement of the robot toward the coarse trolley location, since this phase is
handled using Nav2, which is capable of dealing with dynamic obstacles. However,
the main concern arises during the final alignment phase, when the robot is positioning
itself with respect to the trolley. If an obstacle appears between the robot and the trolley
during this phase, the current implementation may not be able to react appropriately
because the robot is not continuously relying on LiDAR data for obstacle avoidance
during alignment. Therefore, an additional obstacle avoidance mechanism should
be incorporated into the alignment phase to improve the safety and reliability of the
system in real-world environments.

One way to improve the testing is to define realistic testing scenario based on the
actual use case within a factory environment. This would involve clearly specifying
the docking location, the expected position and orientation of the trolley, the required
final pose of the robot, and the overall navigation task to be performed. In the
current experiments, the test conditions were relatively random, since the position and
orientation of both the trolley and the robot were varied without being constrained
by a specific factory layout or operational requirement. For example, there were no
predefined conditions specifying that the trolley could only be located within a certain
area or at a specific orientation. Establishing well defined testing or implementation
conditions would make it possible to identify the specific problems and errors that occur
in a realistic deployment scenario. Based on these findings, appropriate mitigation
strategies or modifications to the algorithm could then be developed to improve the
robustness of the system for that particular implementation.

One major limitation of this work is its strong dependence on the geometry of the
trolley. The system is designed for a trolley with specific dimensions, which reduces
its flexibility when applied to other trolley types. To use the same approach with a
different trolley, the parameters related to the trolley dimensions would need to be
modified. This also limits its applicability in real factory environments where multiple
types of trolleys may be present. For the algorithm to work reliably, all trolleys would
need to have the same dimensions otherwise, the system may fail to identify the
correct trolley location. In addition, the algorithm has not been tested with trolleys
of different sizes. Although it is expected that the method could be adapted to other
trolley geometries by updating the relevant parameters, this still needs to be validated
experimentally.

As discussed earlier, the algorithm requires a minimum clearance of approximately
1.5 m in front of the trolley for the robot to perform the alignment phase and complete
the docking . This requirement can limit the applicability of the method in real world
factory environments, where sufficient free space in front of the trolley may not always

56



be available. In cluttered or congested areas, the trolley may be surrounded by other
objects, equipment, or storage units, leaving limited space for the robot to align itself
properly before docking. As a result, the robot may not be able to reach the required
alignment position, or it may need to perform additional navigation adjustments before
docking can begin. Therefore, the required alignment distance represents an important
limitation of the current approach, especially for applications in dense industrial
environments where the available space is limited.

Overall, the implementation was successful in achieving accurate final alignment
in simulation, which was one of the main objectives of the docking controller. The
results imply that the proposed framework can improve the flexibility of autonomous
intralogistics systems by reducing the dependence on predefined target locations.
Instead of requiring the trolley to be placed at a fixed position, the robot is able to
estimate the target location during runtime and use LiDAR-based detection to refine
the trolley pose before docking. This makes the system more adaptable to factory
environments where trolleys may be moved by humans or placed with small positional
variations. The accurate final alignment also reduces the risk of collision between
the robot, trolley, and surrounding objects during the docking process. In addition,
the small final position and orientation errors indicate that the proposed method can
provide reliable docking performance under the tested conditions. Therefore, the
work contributes toward more flexible and robust autonomous navigation solution for
factory intralogistics, especially in applications where accurate target localization and
safe docking are required. The main weaknesses are related to absence of continuous
obstacle avoidance during final alignment, and the lack of real world validation. Future
work should focus on real robot testing, continuous trolley pose updating, search
behavior when the trolley is not detected, dynamic obstacle handling during final
alignment, and evaluation under factory specific operating conditions.
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6 Conclusion

This thesis presented a simulation based implementation of an autonomous trolley
tracking and docking system for intralogistics applications. The system was developed
to address the problem of autonomous mobile robot operation in factory environments,
where a trolley may initially be outside the visible sensing range of the robot. The
main objective was to enable the robot to estimate the trolley location, navigation,
alignment and docking with the trolley and final transport of robot along with trolley.

The proposed system used a hybrid localization approach for the trolley. When
the trolley was outside the direct sensing range of the robot, UWB-based position
information was used to estimate the approximate trolley location. The robot then
used the Nav2 navigation stack to move from its initial position to the coarse trolley
location. Once the robot reached the nearby region, LiDAR point cloud data was used
to detect the trolley more accurately and estimate its relative pose. The final alignment
and docking phase was performed using a combination of proportional control and an
LQR controller, which corrected the longitudinal, lateral, and yaw errors between the
robot and the trolley. After successful docking, Nav2 was used again to perform the
final navigation task while the robot was positioned under the trolley.

The system was evaluated in three simulation environments with different layouts,
dimensions, obstacle configurations, and levels of congestion. These environments
were selected to represent different intralogistics operating conditions, including a
laboratory environment, a warehouse environment, and a larger factory environment.
The results showed that the robot was able to complete the docking task in the tested
scenarios and achieved accurate final alignment with the trolley. The average longitu-
dinal and lateral position errors across the three environments were approximately 0.62
cm and 0.26 cm, respectively, while the average orientation error was approximately
0.003 rad. These results indicate that the implemented controller was able to achieve
precise final docking in simulation.

The results also showed that the environment layout and trolley orientation had a
clear influence on mission performance. While the final docking accuracy remained
consistently high, the docking time and average mission speed varied between
environments. Congested regions and angled trolley placements required additional
maneuvering during the alignment phase, which increased docking time. In contrast,
open regions allowed the robot to align with the trolley more quickly. This indicates
that the proposed method is effective for accurate docking, but the overall mission
efficiency depends on the available maneuvering space, obstacle distribution, and
initial trolley pose.

Although the simulation results were promising, the work has several limitations.
The system was evaluated only in simulated environments, where the obstacles were
static and the sensor behavior was simplified compared with real hardware. In a real
factory environment, the robot may experience more LiDAR noise, localization errors,
wheel slip, actuation delays, occlusion of trolley legs, and dynamic obstacles such
as workers or other mobile equipment. In addition, the trolley pose was fixed after
LiDAR based detection in the current implementation. This means that the robot
did not continuously update the trolley position during final alignment. Continuous
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LiDAR based pose updating could improve robustness, but it would require additional
handling for temporary occlusions or cases where the trolley is lost from the LiDAR
field of view.

Future work should focus on validating the system on a physical robot in a factory
environment. The trolley detection algorithm should be improved to handle cases
where the trolley is not immediately visible after the robot reaches the UWB based
coarse location. A search behavior, such as in-place rotation, could be added to
reduce detection failures caused by unfavorable robot orientation. In addition, obstacle
avoidance should be incorporated into the final docking phase to improve safety when
dynamic obstacles appear between the robot and the trolley. Further work should also
investigate continuous trolley pose estimation during alignment and alternative control
strategies to improve the balance between docking accuracy and docking time.

Overall, the thesis demonstrates that a combined UWB, LiDAR, Nav2, and LQR
based controller can be used for autonomous trolley tracking and docking in simulated
intralogistics environments. The implementation successfully achieved accurate final
alignment under different environmental conditions, showing the feasibility of the
proposed method. With further development and real world validation, the system
could contribute to autonomous material handling in actual factory environments.
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