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Abstract

Magnetically levitated planar actuators (MLPAs) offer contactless motion, high preci-
sion, and kinematic flexibility, making them promising positioning platforms for industrial
manufacturing applications such as continuous-seam welding, assembly, and inspection.
However, their integration in cooperative tasks with robotic manipulators remains largely
unexplored due to inherent controllability complexity and massive workspace. This thesis
presents a comprehensive framework to enhance the control, operational range, and co-
operative capabilities of a disc-magnet MLPA operating alongside a 4 degrees of freedom
(DOF) robotic manipulator. To improve the overall standalone magnetic levitation system,
the current implementation’s control cycle is enhanced with a discrete Kalman Filter esti-
mation and prediction sequence to provide smooth, optimal state estimation. To close the
gap from uncertainties derived from device manufacturing, a mapping interpolation strat-
egy is incorporated into the calibration workflow to increase the certainty of the calculated
magnetic fields across the system. To expand the effective operational range, an enhanced
magnetic force and torque dataset is generated to train a Dual Neural Network architec-
ture, enabling extended actuation range across the entire levitation workspace without
long loading times or high memory usage. The overall improvements and modifications
are experimentally tested, obtaining similar results to the current implementation on the
positional coordinates, but improved tracking metrics on the disc-magnet MLPA of + 50%
on all the tilting axes for a tested circular motion.

Building upon these core control enhancements, a cooperative framework is proposed
in which the MLPA mover and the robotic arm execute a time-optimized planned path
to complete complex trajectories with strict orientation constraints. The path-planning
algorithm uses a geometrically modeled arm inverse kinematics and a filtered discrete
arm workspace to generate a global search graph, resolving the system redundancies via
Jacobian-based state configurations. To validate the flexibility of the proposed coopera-
tive MLPA system, a trajectory-aligned baseline is developed in which the mover remains
statically anchored during interaction. Experimental validation on a real MLPA system
demonstrated that for standard geometries, the cooperative planner reduced completion
time by almost 20% compared to the baseline, achieving positional and angular Root Mean
Square (RMS) errors of 0.27 mm and 0.01°, respectively. Furthermore, evaluations on com-
plex continuous-arc trajectories confirmed the critical necessity of cooperative mover—arm
operation to synthesize feasible interaction solutions, conclusively demonstrating the po-
tential of MLPA-robotic arm integration to expand the flexibility of kinematically limited
industrial manufacturing lines.
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Chapter 1

Introduction

1.1 Magnetic Levitated Planar Actuators and Manu-
facturing Industry

The growing demand for precision, adaptability, and sterile operations in modern indus-
trial environments has spurred research into contactless actuation technologies. Among
these, magnetic levitation (Maglev) has been extensively studied in recent decades. The
primary objective of a Maglev system is to use a magnetic field to continuously control
and suspend objects within a defined volume, thereby eliminating mechanical connections
between moving parts. In general, there are two ways to achieve “levitation”: 1) using at-
tractive magnetic configurations [43] or 2) using repulsive forces [28]. The choice between
them depends on application-specific constraints, including clearance, maintenance, and
safety requirements for the levitated object. Common applications of Maglev technology
include long-range transportation; magnetically levitated trains achieve frictionless move-
ment at remarkable speeds, with the Shanghai Maglev currently holding the commercial
speed record at 460 km/h [65]. In aerospace, magnetically levitated bearings have replaced
conventional rolling bearings in turbines and satellite attitude control wheels, eliminating
the need for lubrication and enabling active control of bearing position [51]. In medicine,
actuated forces from a distance have been explored for wireless actuation of surgical de-
vices and drug containers inside the human body [30]. The versatility of Maglev across
such a range of domains underscores its role not only as a transport technology but also
as a general mechanism for contactless interaction.

Within the broader field of Maglev technology, a specialized branch focuses on planar



actuation, known as magnetically levitated planar actuators (MLPAs). Following Earn-
shaw’s theorem, which states the impossibility of achieving a static stable equilibrium using
only fixed magnetostatic fields, researchers often introduce diamagnetic materials such as
superconductors [16] or paramagnetic objects [34] to obtain passive levitation. However, a
common solution for MLPAs is dynamic stabilization via a feedback control law. This ap-
proach allows the use of magnetostatic elements such as permanent magnets and DC-driven
coils, which are preferred due to their ease of modeling, maintenance, and implementation.
Defining the levitated object and the static platform as the mover and stator, respec-
tively, these systems are typically found in three main configurations: a permanent magnet
array mover with a coil stator [77], a coil array mover with a magnet array stator [12], or
a magnet array for both [73].

Due to their contactless operation, MLPAs are particularly compelling for industrial
applications sensitive to mechanical wear or requiring cleanroom standards, such as semi-
conductor wafer transport [32] and high-precision photolithography [29]. The elimination
of friction between surfaces results in more energy-efficient operation, reduced noise and
vibration, and flexible omnidirectional product placement. Recently, with the increasing
complexity of assembly automation tasks, MLLPA technology has gained increased commer-
cial recognition through significant industrial investments in platforms such as XPlanar [3]
and Planar Motor [17]. Despite these commercial successes, current industrial setups com-
monly restrict the full potential of MLPAs when integrated with external robotic systems,
even though the platform is inherently capable of six-degree of freedom (DOF) manip-
ulation [70]. For example, in automated electronics assembly lines, MLPA platens are
typically deployed as high-speed 2D conveyor shuttles to transport printed circuit boards
(PCBs) or component fixtures between workstations, while overhead SCARA or 6-axis
robotic arms execute all component insertion, micro-alignment, and orientation changes
[18]. This operational paradigm treats the MLPA strictly as a flat, translational workpiece
carrier rather than utilizing its full rotational and tilting capacities.

This reduced potential is a product of an engineering decision based on the mover
design. In the literature, movers are predominantly categorized as either Halbach array
[67] or disc magnet mover (DMM) actuators [59]. Halbach-array movers are widely im-
plemented in commercial manufacturing because their magnetic flux is concentrated on
the side facing the stator. However, they are constrained by small air gaps and severely
restricted tilting angles, typically limited to £2°. In contrast, DMMs achieve significantly
larger air gaps and wider tilting ranges (up to £30°) due to their lighter weight, making
them better suited for applications requiring higher levels of orientation.

Because Halbach arrays have remained the industrial standard, the benefits of incor-
porating DMMs into the broader automation chain remain largely unexplored. While



lower-DOF manipulators like SCARA arms offer high operational speeds and excellent
repeatability, they are inherently restricted to planar operations [22]. To overcome this,
industry often resorts to integrating higher-DOF robotic arms; however, this approach is
not only expensive but also increases operational error due to the added mass, joints, and
compliance of the system. A clear research gap exists in using the out-of-plane tilting
capability of a DMM to complement lower-DOF manipulators.

To bridge this gap, the primary objective of this research is to design, implement,
and validate a path planner that couples a 4-DOF manipulator and a DMM within a
unified optimization framework. In this architecture, the DMM exploits its wide tilting
range to provide the missing out-of-plane motion required by the manipulator. To support
this expanded operational volume, the system’s modeling and control cycle is enhanced
by integrating pre-levitation stator calibration and a Kalman filter. Additionally, a dual
neural network structure is implemented to accurately estimate the magnetic forces acting
on the mover across larger tilting angles, enabling complex manipulation tasks that are
infeasible for the robotic arm alone. The experimental validation of this work is conducted
on the MLPA Testbench located in the Maglev Microrobotics Laboratory at the University
of Waterloo [65], as shown in Figure 1.1 and discussed in the system description in Section
3.1.

Vicon camera
switch

947 Power supply

Vicon camera (x4) assembly
- H

- 4«
Coil stators> —

(Testbench)’

Figure 1.1: Testbench overview with the four disc-magnet mover and the Vicon tracking
system.



1.2 Flexible Manufacturing Systems

1.2.1 Flexible Manufacturing and Manufacturing Transportation
Systems

Understanding the potential of implementing an MLPA in the automation industry requires
explaining current production lines and the concept of flexible manufacturing. Flexible
manufacturing systems (FMSs) represent an optimization approach designed to rapidly
adapt production environments to operational changes, commercial and manufacturing
metrics, and shifting work capacities [10]. To achieve this, a successful FMS typically
addresses three main objectives. The first is routing flexibility, which allows products to
be quickly rerouted through different or additional paths in the production line. Next
is expansion flexibility, which dictates the system’s modularity for expansion. Finally,
material handling flexibility relates directly to the efficiency of the manipulator or the
operator in performing the assigned task. To achieve optimality within an FMS, engineers
analyze physical equipment configurations and perform iterative simulations and layout
optimizations to obtain an improved manufacturing path [39]. However, the extent to
which these optimized manufacturing paths can be realized in practice depends largely on
the physical transportation system connecting the workstations.

As the most common conventional transport solution, mechanical conveyor belts in-
troduce structural limitations that constrain the practical output of FMS optimization.
Limited to linear motion, conveyor devices are mostly used with external devices to in-
crease overall flexibility, such as pneumatic pushers, sweepers, roller actuators, or spe-
cialized branching, merging, and accumulation zones. Figure 1.2a shows a typical linear
conveyor system. While these enhancements widen the range of possible manufacturing
paths, they also increase the required operational footprint, which could have been used to
install new workstations. Omnidirectional platforms attempt to resolve these single-axis
constraints by enabling translational and rotational positioning of objects within a plane
without requiring the aforementioned fixed pathway junctions. Nonetheless, both systems
suffer from the required friction forces for operation, inducing excessive vibrations, high-
frequency noises, and constant maintenance costs due to wear, in addition to being complex
systems to disassemble and rearrange.

As a modern approach to the flexibility challenge, an attractive new transport technol-
ogy has been studied for FMS integration. With increased research on unmanned vehicles,
automated guided vehicles (AGVs) and autonomous mobile robots (AMRs) have added
flexibility to conventional conveyor systems. By following a strict, predetermined route
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(a) Conventional conveyor system [25] (b) An AMR with a manipulator [10]

Figure 1.2: Different transportation solutions for flexible manufacturing systems.

through critical points of the production line (AGVs) or by using on-board sensors and a
real-time planner (AMRs), both robotic systems provide new degrees of freedom for process
optimization. While they have been found to be a valid solution in certain scenarios, the
added freedom comes with the known technical difficulties that robotic applications intro-
duce, such as real-time path planning for obstacle avoidance with simultaneous localization
and mapping, docking stations for recharging and task allocation, and object placement
and manipulation. All of them are equally critical, since the robotic system will have to
traverse human-populated zones. Even then, another factor that prevents the general use
of AMRs in FMS applications is that they remain contact-based transport solutions and
are therefore inadequate for friction-sensitive or cleanroom processes.

MLPAs overcome both of these limitations: they provide omnidirectional, uncon-
strained motion within the workspace while operating entirely without mechanical con-
tact. Moreover, the natural positioning flexibility of an MLPA facilitates integration with
already installed manipulator systems, such as robotic arms with special end effectors,
by enabling tilting during the manipulation task. This added operability is a crucial re-
quirement for welding and painting procedures. Moreover, MLPAs eliminate the need for
constant maintenance and environmental cleaning required to maintain cleanroom opera-
tions in pharmaceutical settings, expanding the range of tasks achievable within a single
workcell. Recognizing the potential in MLPAs, highly regarded engineering brands have



developed their own magnetic levitated planar motors (MLPMs) systems, including highly
capable commercial products like the ACOPOS 6D from B&R and the XPlanar by Beckhoff
Automation Ltd. Figure 1.3 visualizes both small factor planar motors and their ability
to achieve a theoretically infinite range of planar motion thanks to their modular setup.

Although levitation technology provides competitive advantages over traditional trans-
portation methods, magnetic levitation remains relatively unknown in manufacturing due
to high initial investment costs, a required steep learning curve to understand the inner
working principles, and typically lower payload capacities per mover (under 5 kg). Ad-
ditionally, current commercial Halbach movers have clear limitations, such as not being
able to support large air gaps (typically restricted from 2 to 5 mm), forcing the system
to only levitate with a maximum tilt angle of £ 2° on the mover roll and pitch axes,
which limits the potential for cooperation between the magnetic device and an external
manipulator for tasks where simultaneous motion could improve the performance, such as
painting, visual inspection, welding and assembly. Given these motion restrictions, com-
mercial small-factor movers are commonly used for simple top-side operations, making
them more of a positioning-table device than a fully 6 DOF robotic agent.

(a) ACOPLOS 6D planar actuator from ABB- (b) XPlanar planar actuator from Beckhoff Au-
B&R. Image taken from the B&R website [7]. tomation. Image taken from Beckhoff website [3]

Figure 1.3: Commercially available small factor MLPA systems.



1.2.2 Cooperative Robotic Systems in Manufacturing

In precision manufacturing applications such as welding, surface treatment, and additive
manufacturing, it is often necessary to design and implement distinct positioning devices
to meet part tolerances and the hardware capabilities of external robotic actuators, such
as robotic manipulators. As such, complex and repetitive operations often use tailored
conventional conveyor lines designed solely to transport a product family or type, making
it harder to implement FMS procedures and limiting optimization when the positional tool
is treated as an isolated system. For example, Gueta et al. [21] demonstrated that, by
combining a 6 DOF robot arm with a single-axis rotating table for multi-goal point-to-
point tasks, it is possible to obtain faster completion times by enabling collaborative work
between the positional device and the manipulator, showing that coordinating both systems
reduces task completion time by nearly 18% compared to a single arm. Another often
considered way to optimize the manufacturing procedure is to add extra manipulators and
exploit the added DOFs. Zeng et al. [69] studied the kinematic capabilities of distributing a
bilateral laser welding task across three coordinated manipulators on a shared translational
truss, enabling simultaneous execution of symmetric weld seams on aerospace panels. While
a valid way to optimize the process, it inherently adds the complexity and cost of multiple
robotic arms sharing the same workspace.

Figure 1.4: Maglev/MLPA application for direct energy deposition operations. Same device
as the one used in [33]. The disc can only be levitated in the Z-axis.

As expected, MLPAs ability for natural 6-DOF control gives them an extra advan-

7



tage over conventional systems by enabling the mover to not only be an omnidirectional
transporting device but also an integrated robotic actor during the entire manufactur-
ing process, allowing the possibility for cooperation with external manipulators. This
interaction between Maglev devices and robotic arms has already been explored, with a
particular interest among researchers in medical contexts. Sun Tonxing [54] implemented
a unified control framework for the interaction between a magnetically levitated particle
and an electromagnet end effector, achieving real-time optimal positioning for force gen-
eration through coordinated arm joint trajectory and coil current actuation. Similarly, A.
Khabbazian et al. [30] implemented a robot arm-magnetic levitation interaction for drug
delivery through enclosed environments, with potential applications in non-intrusive and
kidney disease treatments. In contrast to medical advancements in robotic cooperation,
industrial manufacturing implementations of maglev devices have largely been explored
as replacements to meet cleanroom requirements or for heavily constrained cooperation
interactions that use a single mover axis. Kumar et al. [33] demonstrated the benefits of
magnetically suspending a disc-shaped substrate during a direct energy deposition (DED)
powder-feeding process, freeing the system from mechanical clamps, reducing completion
time, and eliminating the surface marks that require post-processing treatment.



1.3 Objectives and Contributions

The literature reviewed in this chapter shows that MLPAs have strong potential as en-
abling technologies for flexible manufacturing because they combine contactless transport,
high-precision positioning, and natural 6-DOF motion within a single platform. At the
same time, although cooperative robotic systems have been widely studied using rotating
tables, translational stages, and multiple manipulators, the integration of MLPAs with
external robotic manipulators remains largely underexplored in industrial manufacturing
environments. Existing maglev-manipulator cooperation studies are predominantly found
in medical applications or in highly constrained industrial demonstrations where the lev-
itated device is used in a limited manner. Consequently, a gap remains between the
positioning and flexibility capabilities offered by MLPAs and their practical deployment as
cooperative robotic actors in manufacturing tasks.

Therefore, this thesis addresses that gap by investigating the cooperative integration
of the University of Waterloo Testbench MLPA system with an external 4-DOF robotic
arm. The research is centered on a four-magnet DMM, selected for its suitability for tasks
that require larger air gaps and tilting capability during manipulation. By improving the
modeled range of actuation and controllability of the mover and by studying its interaction
with a robotic manipulator, this work aims to advance the use of MLPAs from stand-alone
positioning devices toward collaborative manufacturing platforms.

The MLPA environment studied in this thesis was developed and built as prior work by
Dr. Xiaodong Zhang and Dr. Chanuphon Trakarnchaiyo; this includes the stator module
and structure, power devices, and amplifier selection for actuation. The original design,
assembly, and controller of the used DMM in this thesis were developed by Dr. Chanuphon
Trakarnchaiyo. Both devices are detailed in Section 3.2.

The subsequent sections, Sections 1.3.1 and 1.3.2, list the defined objectives to achieve
the proposed advancement towards MLPA and robotic manipulator cooperation for the
flexible manufacturing industry, respectively.



1.3.1 Main Objectives

To achieve the proposed cooperative integration between the MLPA and robotic arm, the
following objectives were selected:

1. Improve levitation on the four-disc magnet mover at the Testbench by implementing
robustness in the modeling prediction and increasing the actuation range.

(a) Implementation of a proper prediction-estimation state for the PID controller

(Kalman Filter).

(b) Decoupling the usage of a fixed-size LUT for a single model of independent coil
activation by the development of a deep neural network strategy.

(c) Experimentation and data collection for comparison between the original and
improved methodology.

2. Integration of the MLPA platform with a 4-DOF robotic manipulator and evaluation
of their coordinated operation in a manufacturing-oriented setting.

(a) Integration of a discrete workspace filtering for possible mover-arm interaction
states.

(b) Analytical modeling of the forward and inverse kinematics of the manipulator for
computational efficiency and repeatability regarding numerical methodologies.

(c) Development of the communication and sequence pipeline for robot manipulator
- MLPA continuous contact.

(d) Development of the path planning algorithm for cooperative interaction under
discretized continuous path tasks.
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1.3.2 Contributions

In direct fulfillment of the stated objectives, this thesis presents the following major con-
tributions to the fields of magnetic levitation and cooperative robotics:

e Enhanced MLPA Control and Actuation Modeling: Developed a robust state
estimation and force generation framework for the DMM. This includes the suc-
cessful implementation of a discrete Kalman Filter to eliminate noise-induced jitter
associated with raw state estimation, and the deployment of a Dual Neural Network
architecture to calculate forces for accurate coil current control. This NN-based ap-
proach decoupled the system from the restrictive, localized boundaries of a fixed-size
look-up table, effectively expanding the reliable actuation range across the entire
workspace without failing through the Curse of Dimensionality of the previous rigid
structure.

e System Integration and Modeling for Mover-Arm Cooperation: Formu-
lated a complete interaction architecture bridging the MLPA testbench with a 4-DOF
robotic manipulator. This encompasses the development of closed-form forward and
inverse kinematic models for rapid computational solving, the generation of a discrete
workspace filter to map geometrically viable interaction states, and the establishment
of a real-time master-slave communication pipeline to synchronize physical execution.
Additionally, this includes the overall programming and development of the entire
cooperative workflow, including the interaction objects’ parameters and virtualiza-
tion.

¢ Kinematic-Aware Cooperative Path Planning Algorithm: Designed and ex-
perimentally validated a novel, time-optimized cooperative path planner capable of
producing feasible discrete chained configurations for both the MLPA and manipula-
tor systems to accomplish discretized trajectories. By enabling the MLPA mover to
dynamically reorient the workpiece in tandem with the robotic arm, this algorithm
successfully facilitates complex manufacturing operations—such as continuous dy-
namic arcs—that are geometrically unfeasible for a statically anchored manipulator
with insufficient required DOFs.
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1.4 Thesis Outline

The remainder of this thesis is organized as follows:

Chapter 2: Literature Review presents a comprehensive examination of the cur-
rent state of magnetic levitation technologies in industrial settings. It surveys existing
MLPA control and modeling methodologies and reviews prior research regarding coopera-
tive robotic manipulation in manufacturing environments.

Chapter 3: System Setup details the hardware architecture and system specifica-
tions. It describes the physical components of the MLPA testbench, the selected four-disc
magnet mover (DMM), the Vicon motion tracking system, and the kinematics and refer-
ence frames of the 4-DOF robotic manipulator used for the cooperative interaction.

Chapter 4: Implementation and Methodology Improvements outlines the the-
oretical modeling and practical implementation of the proposed systems. The chapter is
divided into two main sections: first, the development of the enhanced MLPA control
framework (encompassing the Kalman Filter, active coil mapping interpolation, and the
Dual Neural Network for the extended workspace), and second, the detailed design of the
cooperative path planning algorithm (including inverse kinematics, workspace filtering,
and the time-optimized graph search mechanism).

Chapter 5: Experimental Results and Validation presents the empirical results
of the implemented strategies. It first evaluates the standalone path tracking performance
of the upgraded MLPA model against the original baseline. Subsequently, it details the
execution of the cooperative path planner on three distinct manufacturing trajectories (a
circle, a straight line, and a complex arc), comparing the time and accuracy metrics of the
cooperative mover-arm interaction against a statically anchored arm-only baseline.

Chapter 6: Discussion and Conclusions concludes the thesis. It summarizes the
core contributions and the logical sequence of development, discusses how the coopera-
tive framework expands the flexibility of kinematically limited manufacturing lines, and
proposes future research directions such as energy-aware planning and force-sensing inte-
gration.

12



Chapter 2

Literature review

2.1 Magnetic Levitated Planar Actuators

2.1.1 Developed MLPA systems review

As the core element shared by all dynamically stable MLPA systems, the stator is the el-
ement related to the controllable electromagnetic field generator. Following the references
provided in the introduction and the known relationship between electric and magnetic
fields, stators on an MLPA device can be stationary DC or AC-driven coils, moving per-
manent magnets, superconductors, or a combination of the mentioned setups. While having
its own drawbacks, fixed coil stators are preferred for simplicity and clear element division.
Having an arrangement of electromagnets designed by modules enables the flexibility for
future expansion, thanks to two clear advantages: fast access to wiring extension and stan-
dalone cooling systems. In addition, having the mover as a purely passive carrier simplifies
the mover design and required considerations for multi-mover setups. It is for these rea-
sons that the moving-magnet, stationary-coil topology has become dominant in large-stroke
MLPA research, and all systems reviewed in this section adopt this configuration.

Among stationary-coil stators, the geometry of the individual coil is one of the primary
design variables. One of the first designs introduced was in [31]. In this setup, the stator
is composed of four horizontal wound coils, where each one is designed with a specific
winding direction to decouple the magnets of the platen (mover). While simplifying the
Maglev implementation, the setup fixed the planar actuator to the stator module, limiting
the stroke movement to the size of the single stator. In an improvement over the previous
project, the design in [36] addresses this by replacing dedicated coil stators with multiple

13



layers of planar PCB coils, with each layer designed to control a dedicated mover axis. With
the motivation of having multiple movers sharing the same stator space, [72] changed the
single line of PCB coils for standard rounded square ones and applied a commutation law
to resolve the cross-coupling of the different magnet arrangements on the mover.

All three stator systems reviewed above share a common mover topology: four one-
dimensional (1-D) Halbach permanent magnet arrays arranged with different alignments.
A 1-D Halbach array is a linear sequence of permanent magnets whose magnetization
direction rotates by 90° between adjacent elements, producing a field that is concentrated
on one side of the array while largely canceling on the other (Figure 2.1, a).

(a) 1-D Halbach array. Adapted from [63]  (b) Commonly found four 1-D Halbach array
configuration. Recreated from [3()]

Figure 2.1: Arrangement of 1-D Halbach arrays for mover design.

While praised for its straightforward modeling and design, 1-D Halbach array movers
result in a loss of power efficiency given a non-usable space between the arrangements.
An alternative that solves the optimization issue is the 2-D Halbach array, where the
magnetization pattern repeats spatially in both in-plane directions. The 2-D arrangement
concentrates flux beneath the entire mover footprint rather than in four separate strips,
yielding a higher force density for the same magnet volume and enabling a single contiguous
magnet array to interact with the full coil field below it [28]. As found in [65], the 2-
D Halbach array is capable of carrying a higher payload, with an increase in modeling
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complexity, as the force and torque contributions from the stator coils must now account
for a two-dimensional field distribution, including edge effects along both in-plane axes.
The modular maglev system presented in [67] adopts a 2-D Halbach mover above a square
coil stator and resolves the wrench calculation problem through a data-driven method,
where a Force Decay Ratio and Effective Torque Arm smoothly divide the far and near field
actuation zones over the mover, reducing the required parameters’ table from over 964,000
data points per levitation height to only 791 and achieving a computation time of 2.1 u s
per active coil. With the wrench calculation solution, the researchers in [66] improved the
dynamical response of the system by combining a Kalman filter with a frequency filter for
delay-free state prediction. The proposed predictor-based MPC reduced the ramp tracking
RMSE by 87% compared to a PID controller and by 69% compared to standard MPC,
while increasing the maximum stable mover speed from 300 mm/s under PID to 800 mm/s.

While the 2-D Halbach arrangement offers clear force density and yaw advantages over
the four-array topology, its reliance on robust framing to contain the strong internal forces
between adjacent magnet elements naturally limits the achievable air gap and mover tilt
operating ranges. An alternative mover topology that directly addresses these structural
constraints is the usage of a disc magnet mover (DMM), with its basic form composed of
a single cylindrical permanent magnet that replaces the entire array. Without the strong
internal attraction forces characteristic of Halbach arrangements, the DMM frame can be
made significantly lighter. However, the axially symmetric geometry of a disc magnet
eliminates the spatially periodic magnetic field that underlies harmonic analytical wrench
models of Halbach movers, making real-time force and torque computation considerably
more challenging.

To overcome the heavy computational requirement of modeling the DMM wrench, re-
searchers have proposed both data-driven and analytical alternatives. For instance, a
residual-based deep neural network (DNN) wrench model trained on datasets of 8 million
randomly sampled DMM poses achieved a per-coil computation time of 4.1 ps on a pro-
grammable logic controller [59]. This performance is comparable to analytical solutions
on Halbach systems, yielding translation and rotation control resolutions of 10 nm and 10
mdeg, respectively. Alternatively, an analytical magnet-coil role-switching model mathe-
matically recasts the square coils as stacked permanent magnets and the disc magnet as a
thin-walled solenoid. By leveraging this model and the lighter DMM frame, levitation was
achieved at impressive air gaps up to 65 mm and roll/pitch rotations of up to 45°. Further-
more, this role-switching approach computes the full wrench matrix between a single disc
magnet and nine coils in 96.5 ps using parallel computing, demonstrating experimental
translation and rotation resolutions of 10 pm and 0.02° [61].

Given the advantages of extended air gap and tilting range, in this thesis a DMM
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Figure 2.2: Photo of a single DMM. Note that given the disc geometry, the mover does
not have yaw rotation control. Image adapted from [35].

actuator is studied. The DMM details are provided by Dr. Chanuphon in [55], designed
to be an arrangement of four disc permanent magnets. As a contribution to the overall
system, and to enable high-precision wrench calculation on the new range of levitation
required for mover-robot arm interaction, a DNN approach is embraced for the system
levitation. The specifics of the implementation are studied in the modeling Section 4.2.

2.1.2 MLPA modeling methodologies

Controlling any MLPA requires the modeling and calculation of the interaction force ap-
plied on the mover arrangement. This wrench is obtained through a chained process with
two steps: first, computing the magnetic field and magnetic flux B produced by one of
the elements (mover or stator) at any point in the working volume. Second, mapping the
magnetic field to the force generated, which depends on the application and elements used.
For the implemented maglev system, the mover is the magnetic field generator and, by
the application of a current-driven device (the stators), the wrench is calculated by the
Lorentz force law.

For the magnetic flux density computation, there are two well-known analytical ap-
proaches in the literature for permanent magnets with uniform magnetization. The first
is the current model, in which the magnetization M of the magnet is replaced by an
equivalent magnetic volume current density, obtained by applying the curl operator (V)
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as J,, = V x M. This equivalent current distribution is then used as a source in the
electromagnetic general equations, from which the magnetic flux density B is computed

[19].

The second approach is the charge model, which instead represents the magnet as
two parallel surfaces carrying fictitious magnetic charge densities 0,, = £B, on the top
and bottom faces [19]. This is formally analogous to the surface charge distribution in
electrostatics and leads to a field expression of the same integral form as the current
model. While providing a physically intuitive framework and analytical equations for
permanent magnets, the charge and current models share one critical limitation in their
practical applications: both methods require the solution of elliptic integrals, which can
be computationally intensive when it is required to calculate the magnetic field for a large
number of points in the workspace.

Magustizaton Diecton
—_ == = Edquivalent Current Surfice
= = \\////
(a) The surface charge method. (b) The equivalent current model.

Figure 2.3: Analytical approaches for magnetic field calculation of an electromagnet.

As an alternative to analytically calculating the magnetic field on cuboidal magnets,
Bancel in 1999 developed the magnetic node method [1]. Building on the charge model for-
mulation, Bancel demonstrated that the exact magnetic field of any uniformly rectangular
permanent magnet can be decomposed into contributions from eight nodes nodes placed
at the corners of the magnet, each carrying a charge ¢, = +B, with alternating signs as
illustrated in Figure 2.4. The magnetic flux density contributed by node k at position
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(g, Y, 2) to an observation point P(x,y, z) is then found as:

Buo= =ln(—y +VaI T+ 7). (2.1)
7r
By = k ln<—xr + a2+ Y2+ zf) : (2.2)
4m
€k TrYr
B., = 2* arct , 2.3
B M an(z,,«/:zﬁ—l—yfjtzf) (2:3)

where z, = x — xk, ¥, = Yy — Y, and 2, = z — 2. The total flux density at P from all N
nodes in the system is the direct superposition:

N ngk
B(P)=> By |. (2.4)
k=1 sz

Equations (2.1)—(2.3) involve only logarithms and arctangents, making them significantly
cheaper to evaluate than the elliptic integrals required by the current and charge models.
Furthermore, since each magnet adds exactly eight nodes, when the faces of the magnet
are shared, the assigned nodes cancel each other, effectively reducing the linear growth of
required calculations for cuboidal arrangements, such as Halbach movers. In the case of disc
magnets, a discretization is required to apply the previous magnetic nodes equations. By
discretizing the top and bottom faces of the magnet with a staircase pattern that follows the
circular geometry, the same superposition principle holds. While now an approximation,
the magnetic nodes method for disc magnets still provides a significant computational
advantage with a minimal loss of accuracy when applied with a sufficiently fine number of
nodes [55]. Figure 2.5 illustrates the staircase discretization of a disc magnet following the
magnetic node model.

With the magnetic field established, the forces and torques on the mover are computed
using the Lorentz force law. In this MLPA device, the disc magnet mover is suspended
above an array of electromagnetic coils driven by DC current, where the current flowing
in each coil is immersed in the field B generated by the permanent magnets, and the
resulting Lorentz force on the coil, calculated by applying the cross-product operation x
is used to find the reaction wrench on the mover following Newton’s third law. For a
three-dimensional system with current density J distributed over the coil volume V.., the

18



Figure 2.4: Magnetic node representation of a cuboidal permanent magnet, with one node
at each corner carrying charge ¢, = £B,.

3D Representation of Magnet Nodes
Closer Look: One Quarter of the Top Face
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(a) magnodes methodology for a disc magnet. (b) Zoom in view on the discretization of the disc
with magnodes.

Figure 2.5: Application of the magnodes method on a disc magnet. Note that, since the
circle is being discretized, the resulting magnetic field is an approximation, in contrast to
a cube magnet.
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force F and torque T on the mover are given by:

F:—/ J x BdV, (2.5)
Vi

coil

T:—/ r x (J xB)dV, (2.6)

coil

where r is the moment arm from the mover’s center of mass to each integration element, and
B is evaluated using Equation (2.4). Since the coil cross-section can be approximated as
uniform, the current density magnitude |J| = I /A, is constant throughout the conductor,
simplifying the integration process by using the cross-section area A, instead of a turn-by-
turn integration, also enabling the implementation of Gaussian quadrature [71] for faster
calculations.

For a multiple magnet mover, the resultant arrangement force (Fpover) is the linear
superposition of the individual magnetic forces. To calculate the dynamic torque generated
by the lever arms of the magnets, the cross product r; x F; is mapped into a linear matrix
multiplication using the skew-symmetric matrix representation [r;] of the position vector.
The overall resultant torque on the mover is derived by summing the local magnetic torques
with the dynamic lever-arm torques as

N
mover Z T + rz z)7 (27)
i=1

where T; and F; are the torques and forces of the i-th magnet, respectively.

The complete system state for a multi-magnet arrangement and a single coil can thus
be compactly described by the resultant 6-DOF wrench vector Wover € RS

Tmover

Wmover - |:Fmover:| . (28)

The combined wrench from all active coils is assembled into a wrench matrix K,
which encodes the current-to-wrench relationship from the full system in the form of K =
[Wnover,1--- Wmover v]. For a single mover magnet, the relationship is:

w = Ki, (2.9)
where w = [F,, F,, F,,T,,T,,T,]" is the control effort required to obtain a desired
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motion on the mover and i € RY is the vector of currents for the N active coils. To
independently control the 6 degrees of freedom (DOF') of the mover, the stator requires a
minimum of 6 active coils. In practice, to distribute the load and ensure stable levitation,
more than 6 coils are activated (N > 6), rendering the system underdetermined and making
K a non-square matrix. To resolve this actuator redundancy and decouple the coil currents
while minimizing the overall power consumption (by minimizing the Ly-norm of the current
vector), the Moore-Penrose pseudoinverse K is commonly employed. Following [45]:

Kt =K' (KK")™, (2.10)

which yields the control current vector via i = K*w. Since the pseudoinverse is unable to
account for the physical limitation of the actuators, the wrench null space projection [17]
is used as a refinement step to distribute the load of oversaturated coils. The orthogonal
projection of the null space (N) of K is given by:

N=7-KK. (2.11)

Denoting the current of saturated coils to be distributed as d,,; and the isolated projection
of saturated coils Ml = SNS+ I — S, where S is a diagonal matrix with ones for a saturated
coil and zero for a non-saturated coil, the required combination in the null space ay,,; is
found using

Apull = M_16sat. (212)

The final current vector is given as inew = 1 + Nay,,. The process is iteratively done for
each new saturated coil that could arise, generally being limited to a maximum number of
iterations for computational time and system feasibility, where it is often set to end once
there are enough saturated coils to surpass the system power limitations.

2.2 Robotic manipulators

Serial robotic manipulators are open kinematic chains formed by a sequence of rigid links
connected by actuated joints, most commonly revolute, that together deliver a controllable
pose to an end effector attached at the last link of the chain [I3]. Their widespread
adoption in industrial automation stems from a combination of large reachable workspaces,
mechanical simplicity, flexible applications by changing the end effector, and a mature
body of kinematic theory that enables accurate and fast modeling and planning solutions.
The following subsections review the principal arm architectures found on factory floors,
the kinematic modeling frameworks used to describe them, and the cooperative strategies
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through which they are paired with additional manipulators and positional devices to
extend their capability.

2.2.1 Common robotic manipulators in the industry

Industrial serial manipulators are classified primarily by the number of degrees of freedom
they provide and by the geometric arrangement of their joints, both of which determine the
set of tasks they can execute without supplementary equipment. The minimum number
of DOFs required to position an end effector at an arbitrary point with any required
orientation in three-dimensional space is six [37]. Accordingly, the 6-DOF articulated
arm is the main driver for manufacturing processes requiring welding, painting, quality
control, palletizing, and assembly on conventional lines. Figure 2.6 shows one of the first
6-DOF manipulators, developed by the Unimation company with their PUMA line and
composed of six revolute joints, with a 3-DOF wrist whose three intersecting joint axes
form a kinematically spherical wrist for the last link.

Figure 2.6: Photo of a PUMA 560. Image adapted from [50].

When the task does not require all 6-DOF, lower-DOF arms are preferred for their
reduced cost, lighter structure, simpler control, and specialized design. The SCARA
(Selective Compliance Assembly Robot Arm) is one of the most relevant 4-DOF industrial
arms. It is composed of three in-plane revolute joints and a prismatic joint that provides
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vertical stroke movement, as seen in Figure 2.7, making it a viable arm for planar operations
such as pick-and-place, PCB assembly, and CNC machine tending. A common guideline
in manipulator design is to select the minimum number of degrees of freedom required by
the task, since each additional joint typically increases hardware cost, weight, and control
complexity without necessarily providing proportional benefits. As a consequence, many
installed industrial arms have four or five DOF, since they were installed to optimize a
specific task, heavily penalizing a production line’s flexibility for new tasks.

Figure 2.7: Photo of an Epson SCARA T6.

In contrast to manipulators that have only the minimum degrees of freedom required by
a task, engineers and researchers often benefit from additional DOFs by exploiting redun-
dancy for task optimization. Instead of a single feasible solution, a redundant manipulator
admits an infinite set of joint configurations for the same end-effector pose, which can
be used to study secondary objectives such as reducing task operation time, minimizing
energy consumption, limiting unnecessary joint motion, or lowering joint loads. In Chen
et al. [I1], a 7-DOF anthropomorphic arm is commanded to follow linear, circular, and
figure-eight trajectories. Using a particle swarm optimization method to optimize the extra
DOF, the overall motion time was reduced by between 16% and 30% compared to that
obtained with no redundancy optimization.
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2.2.2 Robotic manipulators modeling strategies
Forward Kinematics and the Denavit-Hartenberg Convention

Forward kinematics (FK) addresses a fundamental concept in robotics: determining the ex-
act position and orientation of a robot’s tip (end-effector) in 3D space, relative to the robot
arm base, given the current angle or displacement of every joint in its arm. Mathemati-
cally, this involves mapping a set of joint variables q to the final position and orientation
of the end-effector, often expressed as a transformation matrix [37].

Yo

{0} o

Figure 2.8: A 3-Link planar manipulator, composed of three revolute joints (3R). The
end-effector pose (P) is represented by a homogeneous transformation matrix.

To have a general definition for any n-DOF manipulator, researchers commonly use
the Denavit-Hartenberg (D-H) convention, first introduced in 1955 [11]. Instead of
calculating complex 3D geometry all at once, the D-H convention breaks the robot down
step-by-step. It assigns a coordinate frame to each link and describes how to move from
one joint to the next using exactly four geometric parameters: the joint angle 6;, the link
offset d;, the link length a;, and the link twist «;. Moving from one joint frame to the
consecutive one is simply a product of four basic rotations and translations:

ST = Rot, g, Trans, 4, Trans, 4, Roty ,, (2.13)

By multiplying these step-by-step transformations together from the base of the robot
to its tip, the complete FK is obtained: T(q) = °7} - 'Ty - -"'T,,. Figure 2.8 shows the
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diagram of a three-link planar robot arm, where the corresponding D-H parameter table
is given by:

Table 2.1: Denavit-Hartenberg D-H parameters for the 3R planar manipulator.

Link ¢ 91 dz a; o

1 91 0 aq 0
2 92 0 a9 0
3 93 0 as 0

Using the D-H table and substituting its parameters into Equation 2.13, we can cal-
culate the individual transformation matrix for each link. Because the arm operates in a
2D plane, there is no twist (o; = 0) and no offset (d; = 0). Thus, the product of the four
operations simplifies to Rot, , Trans, ,,, yielding a general transformation for link i:

¢ —s; 0 0] (1 0 O a ¢ —s; 0 a
Z_1T~— S; C; 0 0 010 0 S C; 0 a;S;

! 0O 0 1o0/f(0O0T1T 0] (0O 0 1 01}
0O 0 0 1[0 0 0 1 O 0 0 1

cT —S51 0 ai1Cy Cy —S89 0 A9Cy C3 —S83 0 as3Cs

0 %1 C1 0 a151 1 |82 Co 0 959 2 |83 C3 0 a3S3
B=1o o 1 o 25]o o 1t o BTlo 0 1 o
0O 0 0 1 0 0 0 1 0 0 0 1

Finally, by sequentially chaining these matrices, the complete end-effector transforma-
tion relative to the base frame is found:

ci23 —s123 0 ajcp + agcia + ascias
ng —op .1y 2T3 _ [S123 iz 0 a1s1 + agsi2 + azsias 7 (2.14)
0 0 1 0
0 0 0 1

where ¢; ; and s; ; denote cos(6; + ---+6;) and sin(§; + - - - +6;).
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The enduring popularity of the D-H convention lies in this simplicity. It elegantly
condenses the complex structure of any arbitrary robotic arm into a compact table, where
each row translates directly into a standard 4 x 4 matrix. Given its extended use in robotic
research, it is used as the basis for the FK modeling of the manipulator studied in this
thesis, with the D-H table shown in Table 3.3.

Inverse Kinematics: Analytical and Numerical Solutions

While Forward Kinematics asks where the robot’s tip is based on its joint angles, the
Inverse Kinematics (IK) problem asks the exact opposite: knowing a specific position
and orientation where we want the end-effector to be, what is the joint configuration q
required to obtain the requested pose? This is inherently more complex than the FK
problem, because a single target pose might be reachable through multiple different arm
configurations, or it might be completely unfeasible. A common approach to find the IK
mapping is by finding these angles numerically, with classical iterative approaches such as
the Newton-Raphson method [9] appreciated for their ease and flexibility of implementa-
tion, with high levels of accuracy and speed compared to other approaches such as neural
network-based approaches. Nonetheless, Jacobian-based solvers suffer from local minima
(as a product of being gradient based) and also tend to be computationally heavy as the
DOFs of the manipulator increase, given the increased burden of finding the inverse of the
Jacobian, making them better suited for environments with low DOFs [35].

Following the 3-link planar arm introduced in Figure 2.8. The end-effector pose can be
described by its position (z,y) and planar orientation ¢ = 6y + 05 + 3. From the derived
FK transformation matrix 2.14, the position and orientation are given by:

z a1¢1 + asCio + a3Cio3
x(q) = |y| = |a151 + a2512 + azsio3
10) 0, + 05 + 05

The analytical Jacobian matrix J(q) € R**3, which maps the change of the end-effector
state vector with the joint configuration, is found by computing the partial derivatives of
x(q) with respect to each joint angle 6;:

Oz Oz Oz
8691 8692 ‘;93 —@1S51 — Q2812 — A35123 —Q2S512 — 35123 —a35123
_ y y y |
J(q) = 30, 90, a0s | — | @1c1t+ azci2 +ascias (9C12 + G3C123  A3C123
9 06 ¢ 1 1 1

961 902 963
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The iterative solver begins with an initial guess for the joint configuration, qo. At each
step k, the Cartesian error between the target pose Xiarget and the current pose x(qy) is
computed as AX = X¢arget — X(qy). The necessary change in joint angles Aq is estimated
using the first order step Ax ~ J(qx)Aq.

Because the 3-link arm has exactly 3 degrees of freedom to control a 3-dimensional
task space, its Jacobian is a square matrix. In cases where extra DOFs are available
to complete a task, pseudoinverse methods such as the Moore-Penrose are used, often
involving damping terms to circumvent singularities [64]. As long as the arm is not in a
singular configuration (where the determinant of the Jacobian is zero and the matrix loses
its full rank), the necessary joint updates can be solved using the standard matrix inverse

J

Q1 = qr + I (ar)Ax,
until the error magnitude ||Ax|| falls below a predefined tolerance threshold.

While the iterative Jacobian method converges to a single configuration heavily dictated
by the initial guess qq, it does not inherently reveal multiple valid poses (such as elbow-up
or elbow-down). In contrast, if the robotic arm is designed with specific geometric fea-
tures, such as having parallel or intersecting joints, we can use closed-form geometric
solutions. This method uses direct trigonometric formulas to calculate the exact joint
angles instantly, bypassing the need for numerical iterations. Due to their direct mathe-
matical formulation, analytical solutions often produce almost zero computational cost in
comparison to numerical IK methods. Geometrical solutions are highly preferred when a
system needs to quickly evaluate thousands of potential movements during path planning,
but they are heavily dependent on the specific manipulator configuration. In the same
family as geometrical solutions, algebraic solvers that reformat the FK transformation ma-
trix using trigonometric identities, algebraic eliminations, and mathematical substitutions
to obtain closed-form equations are also extremely efficient given their polynomial form
[15]. However, algebraic solvers are less common in practice for redundant manipulators
(over 6 DOFs), since they typically require locking one of the extra DOF's to obtain the IK
equations or for manipulators where the dependent joint configurations are too complex
to produce relationships between them.

Consider the previous 3-link planar arm targeting a desired pose (z,y,¢). Since the
end-effector orientation ¢ and the length of the final link a3 are known, the position of
the second joint (often referred to as the wrist center, z,,v,) can be decoupled from the
orientation:
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Ty =T —azcos(d), Yu =Yy — agsin(g). (2.15)

This effectively reduces the system to a 2-link inverse kinematics problem. The first
two links (a; and ay) and the distance from the base to the wrist center (r = /22 + y2)
form a triangle. Applying the Law of Cosines to this triangle yields the second joint angle
922

2 2 2 9
Ty T Yy — A7 — Q5

f) =
cos(6) 2a1as

(2.16)

The nature of the cosine function dictates that there are generally two valid solutions
for 65 (one positive and one negative), corresponding respectively to the elbow-down and
elbow-up configurations. Once 6, is chosen, the base angle 6, is found by subtracting the
inner triangle angle from the global angle of the wrist:

0, = atan2(y.,, T,) — atan2(ag sin(6s), a; + as cos(6s)). (2.17)

Finally, since the total orientation is the sum of all joint angles (¢ = 0; + 05 + 63), the
final joint angle is simply calculated as:

O3 = — 0, — 0y (2.18)

This method provides exact, instantaneous solutions while naturally exposing multiple
valid manipulator configurations, completely avoiding the singularity-induced mathemati-
cal failures inherent to numerical solvers. Given the advantages of using analytical solutions
and the geometrical configuration of the studied 4-DOF arm, in this thesis a geometrical
IK is modeled with a procedure very similar to the one provided in this section, since the
4-DOF arm has three revolute joints in the same parallel plane. For the combined system
of the DMM and the arm, a Jacobian-based method with a damping term is applied for
the redundancy local solver (see the modeling Section 4.4.4).

Workspace Representation via Randomized Sampling

The reachable workspace of a manipulator is the set of all end-effector positions attain-
able by at least one joint configuration satisfying the joint limits [37]. While the reachable
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workspace is generally related to only the possible coordinates of the end-effector with-
out regard to the orientation, manufacturing tasks that require strict angle control must
also consider the feasible end-effector alignments. Analytically characterizing this set is
tractable only for very simple geometries, such as 3R planar arms. For general serial
chains, it is common to find numerical approaches using a developed FK solution to obtain
a discrete representation of the workspace. One of the most common approaches is the
usage of random sampling techniques, with implementations such as Monte-Carlo being
typically applied. In this method, the joint configuration q is drawn from a uniform dis-
tribution (which is often restricted to the known joint limits), the FK is then evaluated
for the resulting configuration, and the end-effector pose is recorded [23]. Repeating this
for a large sample N yields a dense point cloud approximating the reachable workspace
without any assumption about the manipulator geometry. The drawback of workspace
discretization is that, due to the use of a uniform distribution, the resulting poses will tend
to accumulate in a zone of the sampled range. Even then, postprocessing filters can be
used to ensure a minimal threshold of samples on determined configuration space widths.
Figure 2.9 represents the workspace of a planar 3R manipulator.

Monte Carlo Workspace of a 3R Planar Manipulator

Z Position

1

Y Position

Figure 2.9: Reachable workspace (positions) of the 3R planar arm. Apart from the config-
uration of the joints, the workspace is defined by the arm’s link length and joint limits.
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Chapter 3

System Setup

This chapter details the physical and communication setup of the robotic system used for
the implementation. It provides an overview of the Testbench, describes the key hardware
components including the mover and the robot arm, and explains the control architecture
connecting these systems.

3.1 Overall Testbench Setup

The Testbench consists of a single module with 64 DC-driven coils arranged in an 8 x 8
grid (0.61 x 0.61 m? total area with a coil pitch Ay = 0.0762m), as shown in Fig. 3.1.
Each integrated coreless coil features a rounded square profile with an inner side of 32 mm
(4mm inner radius) and an outer side of 75mm (25.5 mm outer radius), as illustrated in
Fig. 3.2. With a coil height of 82 mm, the windings consist of 61 layers of 16 turns of AWG
16 copper wire, totaling 976 turns.

The Testbench is energized through two power supplies connected to a relay panel that
distributes energy to 32 amplifiers. Each amplifier individually manages two stator coils.
The stator coils found in the Testbench were designed for a total absolute current of 9 A, as
reported in [55]. To prevent multiple coils from saturating simultaneously during levitation
and overloading the power distribution system, Curtis [53] developed a current recalculation
algorithm to employ the available capacity of non-saturated coils for levitation, effectively
distributing the excess current from coils exceeding 9 A, enhancing the robustness of the
system in the form of better stability during complex motions.
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Figure 3.2: Single coil geometry and profile.

Figure 3.1: Testbench stator arrangement.
The coils and amplifiers are magnified for
clarity.

An industrial Beckhoff PLC (model C6670-0010) serves as the main controller for the
coil current commands. In each cycle, which is configured to be computed by an isolated
core every 1000 us, the requested current for each individual coil is transmitted to the
coil amplifiers via the EtherCAT protocol. Once the coils are actuated, a feedback system
comprising four Vicon Vantage V5 cameras captures the motion of the levitated mover
using the markers attached to its frame. The cameras send the collected data of each
individual marker to a dedicated Vicon computer, which processes all cameras’ information
and computes the mover’s pose with an accuracy reported in micrometers (um) [58]. This
pose is then transmitted as a UDP packet over an Ethernet connection to the PLC to be
consumed every cycle. Figure 3.3 illustrates the flowchart of the Testbench system.

An external PC, referred to as the engineering PC, is utilized for development and
serves as the user interface to the PLC. On the engineering PC, the developed wrench
models, current calculation algorithms, controllers, and any additional features are tested
and compiled for the PLC using TwinCAT software. An additional module provides a
translation and compilation layer from Simulink to C++ code, which is subsequently loaded
into the PLC as a TcCOM object.
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Figure 3.3: Overall communication Testbench setup.

3.2 Hardware Subsystems

The independent levitation capabilities of the Testbench allow for the use of various types
of movers. This section reports the parameters of the specific levitated actuator studied in
this work. Furthermore, by establishing a communication channel between the PL.C and an
external stream, the internal PLC variable handling system, known as ADS, can be exposed
to additional devices. By exploiting real-time data regarding the mover’s status, external
hardware that relies on this information can be integrated into the system. Accordingly,
this section also introduces the parameters of the robotic manipulator.

3.2.1 Mover System

Developed by Dr. Chanuphon Trakarnchaiyo and presented in [50], the four-disc mover is
a compact planar actuator consisting of four N52 grade NdFeB permanent magnets. These
magnets are arranged in a square configuration with an optimized central distance of 40
mm. The mover was originally designed to improve on the single-disc magnet mover, as
the four-disc configuration enables yaw motion control. Although the techniques discussed
in Section 2.1.2 are applicable for wrench modeling, a fixed-size lookup table (LUT) was
implemented for the mover due to its simplicity and accuracy. During levitation, the control
system activates a 4x4 array of coils centered around the mover’s global X-Y position.
Table 3.1 presents the geometrical parameters used for the construction of the mover, with
a schematic diagram for reference.

Given the mover’s geometry, mass, coil resistance, and coil activation methodology
during levitation, the expected static power consumption can be approximated through
simulations. Figure 3.5 showcases the Testbench power consumption with the mover at
an air gap of 2 mm. The mover is simulated across the active 4x4 coil array without any
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tilt or yaw angle. Under the simulated parameters, the mover requires a maximum power
consumption of 160 W to levitate its own weight. The selection of the specific air gap and
angle parameters for the mover simulation follows previously reported configurations from
available commercial devices [3, 17].

Table 3.1: DMM parameters

Remanence (B,) 1.48T

Magnet Diameter () 50.8 mm

Magnet Thickness 12.7mm

Mover Side (Ldmm) 120 mm

Mover Thickness (Hgmm) 19.8 mm

Magnets distance from center (R) 40 mm +

Magnets arrangement angle (6) 90° N
Mover Mass 990 g

Mover Tilt Inertia [, I, 0.0012 kg-m?

Mover Yaw Inertia I, 0.0024 kg-m? —|—

Figure 3.4: Mover schematic.

Following the PID controller embedded on the Testbench [53], the four DMM have been
tuned with the parameters shown in Table 3.2. These parameters have been tested during
levitation with speed and acceleration limits of 1000 mm/s and 2500 mm/s?, respectively.

Power Consumption DMM During Static Levitation

Table 3.2: PID Parameters ) (2 mm Air Gap)
Axis K, K; K,
X 1200 6000 65
Y 1200 6000 65 s
A 1200 6000 70

Power Consumg

Roll (¢) 15 7 0.6
Pitch (§) 1.5 7  0.06
Yaw (1)) 2.0 8 0.7

Figure 3.5: Simulated static power consumption.
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3.2.2 Manipulator model and parameters

The robotic manipulator utilized in this study is a 4-DOF serial robotic arm with four
revolute joints from the Igus Robolink series (RL-D-RBT-3322-BC) [20], as illustrated
in Figure 3.6. Joint 1 provides rotation about a vertical base axis, while joints 2, 3,
and 4 are mutually parallel and operate continuously within a vertical plane. Together,
joints 2-4 form a planar link chain that controls the Cartesian position and the pitch
angle of the end-effector. The end-effector itself is custom-made for operation and testing
purposes, featuring attached markers for calibration during setup. The kinematic and
physical parameters of the manipulator are defined in conventional Denavit-Hartenberg
(D-H) form and are summarized in Table 3.3, where 0;, d;, L; and «; represent the joint
angle variable, the link offset, the link length and the angle offset, respectively. The last
column summarizes each joint kinematic limit, which prevents self-collision and exceeding
the joint maximum angles. Due to the repeatability of the arm’s motors, calculated to be
40.5° by the manufacturer, the end effector repeatability at the end of the link is stated
to be approximately =1 mm.

Table 3.3: D-H Parameters for the 4-DOF Manipulator

i 0; di (m) L; (m) «; (rad) Limits (deg)
1 6, 0.2175 0 /2 (—140, 140)

26, 0 0270 0 (—45.0,90.0)
3 03 0 0.240 0 (—85.0,55.0)
4 6, 0 0.250 0 (—30.0,120.0)

Figure 3.6: Igus 4-DOF manipulator.

34



As discussed in Section 2.2.2, the FK model of the robotic arm describes the pose of
the end-effector with respect to the local arm base frame. By applying the elementary D-H
transformations defined in Equation (2.13) and combining them sequentially, the complete
analytical forward kinematics matrix 7T, is obtained:

C1C234 —C18234 81 c1(Laca + Lycag + Lycasa)

b S1Co34  —S18234 —C1 S1(Lacy + Lscas + Lycazy) (3.1)
“ 8934 C234 0 dy + Lasg + L3sag + LySosa '
0 0 0 1

where ¢; = cos(6;), s; = sin(6;), c;jx = cos(6; + 0; + 0;), and s;;, = sin(6; + 6; + 0;). The
fourth column of *T, yields the Cartesian coordinates (z,v, z) of the end-effector tip, and
the upper-left 3 x 3 submatrix defines its orientation relative to the base frame. This result
is similar to Equation 2.14, with the addition of an extra joint to position the end-effector
in the global X-Y plane.

To solve the IK problem, an analytical geometric approach is employed, similar to the
3-link planar manipulator kinematics and geometric inverse kinematics reviewed in Section
2.2.2 (specifically referencing Equations (2.15)-(2.18)) [13]. Given a target position (z,y, 2)
and pitch orientation ¢, the joint variables q = [0, 02, 05,04]" are solved sequentially.

First, the base rotation angle 8, aligns the arm’s vertical plane of interaction with the
target coordinates:
0, = atan2(y, z). (3.2)

The pitch angle ¢ is obtained by extracting the approach vector @ from °T,. This vector
represents the local Z-axis of the end-effector relative to the world frame and is defined
as @ = [ri3,T23,733) , where r;; represents the element in the i-th row and j-th column
of the transformation matrix. To find the equivalent ¢, @ must be projected onto the
2D vertical plane. The vertical component of the 2D approach vector maps directly to
the arm frame’s Z-axis. The radial component, a,, is determined by projecting the X
and Y components of @ along the radial axis using the known base angle #;, such that
a, = 113 c08(01) + rogsin(fy). Finally, the 2D planar pitch angle ¢ is calculated as:

¢ = atan2(rss, a,). (3.3)

Next, the coordinates of the wrist center (r,, z,) in the vertical plane are computed:

Tw = V22 + 3% — Lycos(¢),

2y = (2 — dy) — Lysin(9¢), (3.5)
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and the squared distance between the first revolute joint axis and the wrist center is
computed as D? = r2 + 22.

The triangle formed by links Lo, L3, and distance D is then solved using the law of
cosines to find the inner joint angle 6;,:

D2 - L2 - L2
;)= ———2 3 .
sin(60;,) = £4/1 — cos?(60;,). (3.7)

To satisfy safety constraints and clear the levitation air gap above the MLPA Testbench,
an elbow-up configuration is enforced by selecting the positive root for sin(;,). The third
joint angle is then computed, offset by 7/2 to account for the physical folded state of the
zero-angle configuration:

05 = atan2(sin(6;, ), cos(0;,)) — g (3.8)

Using the geometric relations within the triangle, the second joint angle is determined:

where a = atan2(z,, r,) and § = atan2(Lssin(;,), Lo + Lz cos(6;,)).

Finally, the fourth joint angle 6, is retrieved by subtracting the cumulative angles of
the preceding links from the target pitch angle ¢:

94 = ¢ - (92 + 93) (310)

The robot arm servomotors are actuated via a CAN connection between an external
PC and the stepper and digital 1/O modules. Since the manipulator lacks an embedded
controller, the proprietary iRC software from Igus (version 14) [27] is used to provide the
communication layer. However, because this application only offers basic command tools
and cannot incorporate the mover’s current position, the software is configured to run as a
server using the Commonplace Robotics Interface (CRI) [12]. This setup enables external
client applications to visualize and modify the manipulator’s parameters.
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3.3 Control and Communication Architecture

Interaction between the robotic manipulator and the maglev device requires robust com-
munication between the two systems. The robotic arm must know the mover’s pose,
both initially and continuously during operation, to determine its subsequent motions. Si-
multaneously, the mover must receive coordinated motion commands. This bidirectional
communication is essential not only for basic collision avoidance but also for any type of
path planning optimization.

As illustrated in the diagram in Figure 3.7, the mover’s pose and parameters can be
read by an external computer via an Ethernet connection using the ADS protocol from
the maglev PLC. This external computer, designated as the planner PC, is responsible for
synchronizing the actions between the robot arm and the MLPA device.

\

Camera processed trackers

Cameras
Vicon PC processor
Robot arm = )
0\ - ‘. \
Current drivers
I~

Robot arm program
constructed offline

Mover path data loaded offline
on the server

h A —
Planner PC
Server PC Client PC

Figure 3.7: Diagram illustrating the connection and communication flow between the Test-
bench system and the robot arm control system.

While the maglev device operates at a 1 kHz cycle, the Igus manipulator can only be
sampled and commanded at a much lower frequency. Consequently, the MATLAB-based
client is designed to run at 50 Hz to comply with the requirements of the CRI connection
[12]. In order to address this frequency mismatch and ensure smooth operation, a master-
slave controller correlates the commands sent to the mover and the arm.
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The interaction framework begins by initializing the software representations of the
physical elements within the planner PC. Instances for the Testbench, the maglev mover,
the robotic arm, and the target object are spawned in the simulation environment. The
target object loads the predefined trajectory path, and its geometry is assigned to the
mover, accounting for the physical offset required for transport. To guarantee an accurate
shared reference frame, the base transformation of the robotic arm is calibrated relative to
the global workspace using the real-time Vicon camera feedback. Once this initialization
is complete and the collision-free waypoints for both systems are computed, the hardware
execution phase begins.

With the initialization of the master-slave controller, the robotic arm acts as the master,
dictating the pace of the movement, while the maglev mover operates as the slave. For each
designated waypoint in the trajectory, the arm is commanded to move toward its target
joint configuration. Because the arm operates at a slower and variable actuation speed
compared to the high-frequency maglev device, sending simultaneous blind commands to
both systems would lead to collisions or tracking errors. Instead, as the arm physically
actuates, the planner PC samples its current joint positions at the 50 Hz client frequency.
By comparing the arm’s current state to its starting and target joint angles, a normalized
progress variable (ranging from 0 to 1) is computed based on the joint that has to travel
the maximum distance.

covergence
of system

At arate
imposed by
the
manipulator
(50 Hz)

Calculate
manipulator
command
progress

Figure 3.8: Diagram of the master-slave controller for motion commands between the
systems.

This real-time progress metric is then utilized to perform a linear interpolation of the
mover’s trajectory, updating both its spatial translation and Euler angle orientation be-
tween the current and target Cartesian poses. The newly interpolated pose is immediately
sent to the maglev PLC as a position command. This coupling ensures that the mover’s
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position is strictly bound to the arm’s actual physical progress, seamlessly absorbing any
mechanical delays or speed discrepancies from the robotic manipulator. The controller
continuously verifies the position of both elements and only advances to the next waypoint
when both the arm and the mover have converged to their respective targets within a
strict error threshold, guaranteeing synchronized and safe operation throughout the entire
interaction path. Figure 3.8 illustrates the controller cycle for any path loaded during in-
teraction. The step-by-step logic of the master-slave execution, including the initialization,
synchronized loop, and safe termination procedure, is summarized in Algorithm 1.

Algorithm 1 Master-Slave Controller Execution Logic

Require: Planned arm joint waypoints Qu.,, Planned mover pose waypoints P,,,per
1: Command Mover to anchor pose P, er[1] and wait for stabilization
2: Command Arm to initial configuration Qg[1] and wait for stabilization
3: fori=2to N do

4: Qtarget < Qarm [Z]

5: Ptarget — Pmove’r [2]

6: Gstart < Read current Arm configuration

7 Pstart <— Read current Mover pose

8: AQma:p < maX(|qmrget - QStart|>

9: Command Arm to move to Garget

10: while Arm and Mover have not reached target error thresholds do
11: Jeurr < Read current Arm configuration

12: progress <— min (1.(), max(MXZ";;fsmﬁD)

13: Pemd — DPstart + progress X (ptarget - pstart)

14: Command Mover to pena

15: end while

16: Command Mover to exact pygrger to correct minor lag
17: end for

18: Execute sequential return-to-home safety protocol
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Chapter 4

Implementation and Methodology
Improvements

This chapter details the methodological improvements and the novel integration algorithms
developed for the maglev Testbench and the robotic manipulator. Building upon the
foundational models and hardware described in the previous chapters, the focus here shifts
to the software, modeling, and planning architecture that enables precise, synchronized
interaction between the two systems. Specifically, this chapter covers the enhancements
made to the state estimation and physical modeling of the maglev system, followed by the
robust path planning algorithm designed for cooperative execution.

4.1 System Enhancements and Calibration

As mentioned in Section 2.1, dynamically stable maglev devices require a robust controller
to handle the changing fields during levitation in real time. As such, improvements on
the control cycle of the system increase the performance and precision of the levitation
drastically, making it as important as the fidelity of the wrench modeling scheme. In this
section, the contributions to the controller loop are discussed.

4.1.1 Coil Position Mapping and Calibration

Wrench modeling for MLPAs depends heavily on the exact relative position of the mover
magnets to the active stator coils, as formulated in the Lorentz force equations (2.5)
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and (2.6). While analytical wrench models are derived under an idealized stator grid, with
the coils centered at the plane Z = 0, physical assembly tolerances, structural deflections,
and modifications to the electromagnet modules introduce misalignments. Positioning er-
rors of the stator coils relative to the mover’s frame can significantly distort the estimated
force and torque matrices, leading to control inaccuracies or levitation instability.

To address these geometric discrepancies, a global calibration and mapping module
was implemented. Unlike real-time adaptive strategies that continuously adjust parameters
under load, this methodology performs a one-time global calibration of the Testbench stator
using the readings from the same Vicon system as the previous levitation. Taking advantage
of the geometric design of the coils, a fixture with a Vicon marker is momentarily fitted
into the electromagnet’s center. The readings from these markers are then implemented to
warp the nominal coil grid to match the true physical layout. If no calibration is triggered,
the system defaults to the ideal nominal coordinates. Since the positional data from the
selected markers is used as the control points for the interpolation setup, it is necessary
to reduce the induced tracking noise from the Vicon readings. Multiple recordings of the
placed marker are collected for mean and variance calculation, where a standard deviation
filter (£30) is applied to refine the control point accuracy. The methodology not only
improves the overall coil map interpolation output for the proposed methods, but also
reduces the effect of overfitting on the final interpolated coil map.

Nominal Stator Grid Generation

The nominal grid serves as the coordinate seed for both the calibration routines and the
initial uncalibrated state. The stator module consists of an 8 x 8 array of coreless coils
with a nominal pitch P = 76.2mm. The nominal coordinates (Znomk, Ynom ks Znomk) for
each linear coil ID k = (r — 1) - 8 + ¢ (where r,¢ € {1,...,8} are the row and column
indices) are initialized relative to the module center as:

Tnom,k = ( —4. 5) (41)
Ynom,k = (4 5— ’f‘) .
Znom,k = 0. (4.3)

These coordinates are stored in a persistent 64 x 3 coordinate map variable and are only
updated if the user commands a calibration with valid marker settings.
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Calibration Points and Coordinate Mapping

For calibration, a subset of the 64 coils, indexed by their linear IDs, is selected as calibration
points. At the center of each chosen coil, a framed Vicon marker is temporarily added
to record the coil’s physical position. The number of selected calibration points, M, is
chosen to comply with the inequality equation 4 < M < 16. This is done to ensure that,
at minimum, a calibration of a stator square area is done. The measured coordinates
Xmarkern = |Tmarker,n, Ymarker.ns Zmarkern) | fOr each marker n € {1,..., M} are corrected by
subtracting the vertical marker stand (fixture) height zganq = 13.5mm to retrieve the
actual coil winding centers:

Ldn = Lmarker,n» Yd,n = Ymarker,n» Zd,n = “marker,n — Zstand- (44)

These adjusted target coordinates X4, = [Tan, Ydn, zdm]T are paired with their correspond-
ing nominal coordinates (Zsn, Ysn) = (Tnom ks Ynom k), Where k is the linear coil ID associated
with marker n. Figure 4.1 showcases the new graphical interface in the user GUI to report
the found marker coordinates.

VICON MAP CALIBRATION
Coil ID Vicon X | Vicon Y Vicon Z

@ @

Calibrated Map Load and Calibrate

Figure 4.1: Interface for stator coil coordinates calibration.

Method A: Bilinear Corner Warp (M = 4)

When the minimum number of markers (M = 4) is placed at the corners of the module,
a bilinear mapping is computed analytically. This method models the spatial deformation
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as a hyperbolic paraboloid [6], mapping normalized nominal coordinates u = Zpoy, /P and
U = Ynom/ P to the calibrated coordinates:

Teal = Qg + AU + G20 + a3uv,
Yeal = bo + biu + byv + bsuw,

Zeal = Co + C1U + CovU + c3uw, (4.7

where a = [ag, a1, as, as]", b = [by, by, by, b3] ", and ¢ = [cg, c1, o, 3] T are coefficient vectors.
Normalizing the coordinates by the coil pitch P prevents numerical matrix conflicts during
inversion. The 4 x 4 system matrix A, is constructed from the normalized coordinates of
the four corners:

1 Uy V1 U1y
. 1 U2 Vo UVy
A4 o 1 U3 V3 U3V3 (48)
1 Ug Vg UQVy
The coefficients are solved independently, as with the inverse of matrix A [10]:
a=A;'x;, b=A"y, c=A"z, (4.9)

where X4,y4,2q € R* represent the target destination coordinate vectors of the corners.
The calibrated positions for all 64 coils are then evaluated using:

Xcal - Aallaa Ycal = Aa11b7 anl - Aallcv (410)

where A,y € R4 contains the rows [1,u, vy, upvy] evaluated for all 64 nominal coil
positions.

Method B: Thin-Plate Spline (5 < M < 16)

If five or more markers are available, the Thin-Plate Spline (TPS) method is utilized. TPS
is a radial basis function (RBF) interpolation technique that maps the nominal grid to the
measured coordinates while minimizing the integral bending energy [5] . The mapping for
any target dimension v € {x,y, z} is formulated as:

M
Veal(T,y) = Z Wy ;U(75) + aup + au12 + ay 2y, (4.11)

j=1
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Module Surface Calibration (N=4 Markers, Bilinear)

Nominal Flat Surface
I Fitted Surface (Bilinear)
®  Marker Inputs

300

0

-100

-20
-200
Y (mm) -300 -300 X (mm)

Figure 4.2: Bilinear mapping of the Testbench in the case of N=4 markers. The difference
in control points is exaggerated for visual purposes.

where U(r) = r%In(r) is the biharmonic RBF kernel, r; = /(2 — z4;)? + (y — ys;)? is
the Euclidean distance to source marker j, w, € RM is the kernel weight vector, and
a, = [ay0, Ay 1, avz]T represents the affine polynomial coefficients.

To determine the weights and polynomial coefficients, the system solves the following

block matrix linear system:
K P||w,| |vq
ool [ - (o] 2

where v; € RM is the measured destination coordinate vector. The kernel matrix K €

RM*M and the polynomial matrix P € RM>*3 are defined as:
- 77 In(r; ;) %f ri; >0 | (4.13)
0 1f Ti,j =0

1 xs,l ys,l
1 Ts2  Ys2

P= (4.14)

)
1 Ts,M Ys,M

with rij = /(2ei — 255)” + (Ysi — Ys5)*
The linear system of dimension (M +3) x (M +3) is solved directly for each coordinate
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direction to yield the weight and polynomial coefficients. Once computed, these parameters
are evaluated at all 64 nominal coil coordinates (Znom g, Ynom,q) t0 generate the complete
calibrated coil coordinate map.

Module Surface Calibration (N>4 Markers, TPS)

-100\'\> /—<f 0
-200 \/( )
Y (mm) -200

-300 -300 X (mm)

Figure 4.3: TPS surface fitting in the case of N>4 available coil markers. The difference
in control points is exaggerated for visual purposes.

4.1.2 Kalman Filter State Estimation

To improve the robustness of the control loop, the Testbench device relies on continuous,
accurate 6-DOF pose feedback from the Vicon camera system. However, optical tracking
systems are inherently susceptible to occasional dropped frames, communication jitter, or
temporary marker occlusions, which degrade pose accuracy. As such, in the original DMM
implementation [55], a basic state estimation in conjunction with a PID closed-loop control
was integrated. Velocity estimation was performed using simple finite backward difference
with a low-pass filter that blended the current velocity with the previous frame estimate.
While this helped the system to overcome camera missed frames, the controller blindly
propagated the last known velocity. This approach is highly sensitive to measurement
noise due to the lack of a physical model limitation, leading to erratic derivative control
efforts as seen in Figure 4.4, potentially destabilizing the levitation during tracking gaps.

To resolve the discrete derivative issues, a Kalman filter (KF) was introduced to over-
come the previous state estimation inconsistencies. The KF provides a robust, predictor-
corrector framework that optimally fuses the noisy optical measurements with a dynamic
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Velocity Estimation During Motion Transients
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Figure 4.4: Original velocity estimation. The raw derivative is the current frame discrete
velocity, while the filtered signal is after the low-pass filter. Note that even with the low-
pass filter, since a frame was missed, a derivative-kick control effort generated a spike.

physical model of the mover [52]. The state vector is defined as a 12-dimensional vector
x = [p',v']" € R, comprising the 6-DOF pose p = [z,y, z,0,,0,,0.]" and velocity
v = p of the levitating DMM. The selection of the simple KF follows the requirement of
an under 1 ms wrench-current cycle, and that the long trajectory model currently imple-
mented adheres to a trapezoidal velocity curve.

During a long stroke motion, the DMM translates with a constant acceleration. There-
fore, the wrench actuating on the mover follows:

Wmover = MV7

where M is the mover mass and inertia in matrix form M = diag(m, m,m, I, Ly, I..).

For the studied DMM, the mass and inertia parameters were provided in Table 3.1. Given
that the control input is the mover wrench, Wover — 1 € R, the model equation simply
follows the solution of the model acceleration as,

v =M tu(t), (4.15)
writing equation 4.15 in the common state-space representation,

x(t) = Acx(t) + B.(u(t) + w,), (4.16)
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where w, ~ N(0,Q) is the process noise and the matrices A. and B, being represented
by:
Osx6 loxe O6x6
A= , Be= |yl - 4.17
|:06><6 O6x6 M~! (4.17)

The prediction step of the filter leverages these known physical properties of the mover
and the active control efforts. By discretizing this continuous-time model using a Zero-
Order Hold (ZOH) over the constant sample time T}, the discrete-time state transition
matrix A € R'?*!2 and the control input matrix B € R'?*6 are obtained:

Iy T.I

_ A Ts 6 516

A=e = [06X6 1, } : (4.18)
Ts 12ng—1

B = ( /0 eACTdT) B, = [27?1\1/\14 . ] . (4.19)

To model the now discretized covariance matrix Q € R'?2*!2 the wrench uncertainty co-
variance, described as ¥; = diag(o? 4,) is used to derive Q = BX;B'. In physical
continuous kinematic systems, process noise typically enters through unmodeled forces or
external disturbances acting on the accelerations. When discretized, this continuous noise
must be mapped correctly into the discrete state space. Rather than using an arbitrary di-
agonal matrix that incorrectly assumes position and velocity errors as independent states,
the BX fBT formulation explicitly couples the disturbances of unmodeled accelerations
and how they are integrated over the sample time T} to simultaneously affect both velocity
and position [2].

For the corrector step, the measurement model relies on the Vicon system, which pro-
vides positional feedback. The measurement equation is:

yi = Cxy + vy, (4.20)

where C = [Is Ogyg] € R*!? extracts the pose from the state vector, and v, ~ N'(0,R)
is the measurement noise with a diagonal covariance matrix R € R®*® containing the
translational and rotational sensing variances.

The predictor-corrector nature of the Kalman Filter offers an elegant solution to the
missing frame problem. The algorithm continuously monitors the incoming Vicon frame
index. When a new, unique frame is received, the filter executes its corrector step. It
computes the measurement residual and optimally updates the state estimate using the
Kalman gain, while the state covariance is updated by the commonly known posteriori
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error equation [62]. In the event of a dropped frame, the corrector step is bypassed. The
system instead seamlessly carries forward the dynamic prediction (X = Xpyeq), maintaining
a continuous and physically consistent state estimate until visual feedback is restored.

The system process and signal covariance matrices, Q and R, were tuned with the fol-
lowing procedure for the MLPA system. Acknowledging that R represents the covariance
of the measurement noise of the visual tracking system, a levitation procedure is done
where the tracked mover is held in an idle levitation pose for a determined amount of time.
The resulting time series of measured position and orientation were treated as repeated
measurements of a constant state. Under the assumption the noise is constant during lev-
itation and the camera system does not suffer from any significant drift during recording,
the sample variances of the positional components and the sample variances of the orienta-
tion components were computed from the recorded data and assigned to the corresponding
diagonal entries of R, where the o2, and 07, iion yaw cOrrespond to those variances. Us-
ing the real sensor-recorded variance is common practice for KF parameter tuning [21]. In
contrast to the measurement noise R, the process noise covariance Q cannot be measured
explicitly. The covariance values Q were initialized from an initial guess and then tuned
empirically by analyzing the filter innovations on representative trajectories. The nominal
Q was increased or decreased iteratively so that the innovation sequence approached zero-
mean white noise. It is important to note that, in this specific maglev device, it is preferred
to heavily trust the sensor recordings since the Vicon cameras are well-known calibrated
and robust sensing systems. Table 4.1 reports the final Kalman Filter covariance values
applied during the experiment data collection.

Table 4.1:
MLPA Kalman Filter Covariances

Axis Q R

X 3.2 7.25x 10710
Y 3.2 7.25x 10710
YA 8 7.25x 10710

Roll (¢) 0.5 1.26x 101!
Pitch (§) 0.5 1.26x 101!
Yaw (¢) 1.0 1.26 x 107!

With this architecture improvement, not only were the prediction and control logic
decoupled algorithmically, but a model-aware prediction was implemented in the system,
increasing the robustness of the overall system, as seen in Figure 4.5, where the DMM was
conducted through the same motion without the derivative term kicks.
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Velocity Estimation During Motion Transients
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Figure 4.5: Kalman filter state estimation during the same long motion. Note the reduction
of both the derivative response and the control effort during a missed frame.

4.2 Wrench implementation methodology

As the interaction capabilities of the MLPA are extended by operating in cooperation
with a robotic manipulator, the underlying magnetic wrench calculation during levitation
must adapt to the increased operational range. The initial rigid array lookup table (LUT)
utilized during independent levitation control presents hard limitations when deployed in
extended or cooperative dynamic tasks. Therefore, in this section, a dual deep neural
network (DNN) system is introduced to mitigate these limitations and augment wrench
modeling fidelity across the extended interaction workspace.

4.2.1 Limitations of the Rigid Array Lookup Table

The previous implementation of the MLPA controller relied on an analytical LUT that
pre-calculated the wrench output for a fixed 16-coil (4x4) matrix acting on the mover
array [57]. While this approach effectively reduced the real-time computation burden by
grouping all coils into a single block and exploiting the underlying repetitive pattern of the
DMM and stator, it suffered from a strictly limited range of action and a lack of accuracy
near the borders of the electromagnet array. For instance, the maximum calculated wrench
values for airgap and tilting angles were bounded to ranges of 16 mm < Z < 30 mm and
—10° < tilt(roll, pitch) < 10°, respectively. Figure 4.6 illustrates the spatial range of the
LUT with respect to the fixed stator pattern.
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Figure 4.6: LUT range boundaries. Only the spatial coordinates are represented.

When the mover interacts with the end-effector of the robot arm, it frequently oper-
ates outside these pre-established boundaries. Although the closed-loop PID controller
attempts to compensate for missing model data through position error feedback, the feed-
forward wrench output becomes capped at the maximum or minimum bounds stored in the
table. This artificial saturation inherently degrades tracking performance during complex
interaction trajectories.

Addressing this issue by simply expanding the spatial range of the rigid LUT proved
impractical. Generating a grid-based table large enough to encompass the full dynamic
workspace of the interaction model would have necessitated an enormous amount of offline
computation. Furthermore, the resulting data structure would yield an excessive file size,
leading to memory loading times that are prohibitively long at each levitation startup.
These limitations motivated a shift from rigid, grid-based modeling toward data-driven
surrogate models.

4.2.2 Data Generation via Sampling

To overcome the LUT limitations, a dual DNN setup was proposed. A fundamental shift in
this approach is the modeling of a mover—single coil interaction rather than the rigid 16-coil
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structure. By mapping a relative configuration pose to the wrench generated by a single
coil, the control architecture decouples coil selection from magnetic wrench evaluation,
enabling a dynamic selection of active coils that respond to the current mover pose.

To train the DNNs, a highly optimized dataset was required. Rather than using a
uniform rigid grid, which rapidly suffers from the curse of dimensionality as the workspace
is extended, the training set was designed to fill the configuration space as uniformly as
possible while preserving an underlying structure that can be easily expanded in the future.
Given these requirements, the training data were generated using a quasi-random Sobol
sequence, spanning the 6-DOF continuous mover configuration space.

Workspace Range Comparison: LUT vs Dual-NN
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Figure 4.7: LUT range boundaries against the dual-NN setup for Z, roll, and pitch. The
remaining DOFs maintain the same ranges between the comparisons.

Sobol sequences belong to the family of low-discrepancy, quasi-random sampling meth-
ods and are specifically designed to provide a nearly uniform coverage of high-dimensional
parameter spaces while avoiding clustering and large empty regions [3]. In surrogate mod-
eling and engineering simulations, such sequences have been shown to improve the accuracy
and robustness of neural networks and response surface models compared to standard ran-
dom or grid-based sampling, especially when the number of training samples is limited
[8, 20]. By leveraging Sobol sampling, the proposed dataset achieves dense coverage of
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the relevant wrench configurations while keeping the total number of simulated poses com-
putationally tractable. Figure 4.7 illustrates the extended range of the dual-NN setup in
comparison to the original LUT.

From Equations [2.1, 2.3], it is known that the magnetic field, and thus the generated
wrench, becomes stronger as the magnets move closer to the stator array. As such, the
dataset was generated in a split manner, where half of the samples obtained from the Sobol
sequence were assigned to the lower airgap zone, concentrated in the range of 16 mm <
7 < 28 mm, where precise force modeling is most critical. The remaining 50% of the
dataset was assigned to the high airgap zone, where the magnetic forces become more
uniform, as seen in Figure 4.8. In addition, a collision filter was applied to the generated
poses, guaranteeing that no samples corresponded to physically colliding configurations
and preventing wasted computation during data generation and neural network training.

2D Cross-Section of Z-Force at Y = 0

1~

Z Force (N)
T

Z=16.0mm
Z=18.0mm
Z=20.0mm
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Z=24.0mm
s 28 mm Split Boundary
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=25

-3 L L 1 1 1 1 1 J
-200 -150 -100 -50 0 50 100 150 200
X Position (mm)

Figure 4.8: Change of the Z force on the mover with respect to the air gap. It is illustrated
that at higher air gaps, the force pattern becomes nearly constant. The pattern begins to
shift significantly around Z = 28 mm.

4.2.3 Dual Neural Network Architecture and Training

Due to the vast difference in magnetic field gradients, the full workspace dataset was di-
vided across the Z-axis to train a dual network architecture. This architecture is composed
of Residual Multi-Layer Perceptrons (ResMLPs) utilizing hyperbolic tangent (tanh) ac-
tivation functions, and is further developed in Appendix A. The tanh activations were
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deliberately chosen to provide smooth, bounded, and continuously differentiable force out-
puts, which are essential properties for stable real-time feedback control.

e Near Network (Z < 28 mm): Tasked with learning the sharp, highly non-linear
force peaks occurring close to the stator.

e Far Network (Z > 28 mm): Focused on the smoother exponential decay of the
magnetic field at larger distances.

Since the mover exhibits symmetry with respect to the stator array, the dual-NN setup
is trained on a single spatial quadrant (X > 0, Y > 0), employing the same symmetry
mirroring technique as the LUT implementation. Wrench evaluations in the remaining
three quadrants are resolved dynamically by applying deterministic physical symmetry
mapping rules during real-time levitation.

4.2.4 Controller Integration and Validation

By shifting to the dual neural network methodology, the parameter weights loaded by
the PLC during system initialization were reduced from a required 7-minute idle loading
time to ~ 1 ms. In contrast with the LUT methodology, the dual-NN model requires an
increased average execution time of 398 us during levitation and control loop execution,
which is an increase of ~ 7 times the duration of the LUT cycle (52 ws). While the neural
network evaluations require a longer cycle time than the rigid LUT lookup, the proposed
method still complies with the sub-millisecond real-time requirement (1000 ps) and, in
turn, provides an extended workspace volume for the mover for a fraction of the required
system memory storage if a similar-sized LUT was applied.

An often overlooked benefit of neural architectures is their ability to extrapolate, which
is inherently impossible for a LUT approach. This was clearly shown during the validation
step of the methodologies when compared to the analytical solution used on both LUT
and dual DNN models, as shown in Table 4.2. Given the symmetry of both the mover
and stator, the metrics for lateral forces (F, F,) and tilt torques (7, T),) exhibit similar
statistical behavior. Consequently, these metrics were grouped as Fj, and T, for the
analysis. To ensure a fair comparison between both methods, the sample range is divided
into two sectors, bounded by the LUT’s original limits. Thus, the sectors are Inside LUT
Range (Z : 16-30 mm, Tilts: £10°) and Outside LUT Range (Z : 30-60 mm, Tilts: £30°).

The LUT model exhibited marginally better wrench predictions than the dual neu-
ral network setup during the small air gap zone. The LUT method is expected to yield
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slightly better wrench predictions in this range, given the highly sampled population used
to construct it, in contrast to the proposed neural network sampled database, which has to
take into account the increased operational range. While this is true, the dual neural net-
work showcased a competitive standard deviation metric, demonstrating that the method
learned the mover’s non-linear wrench values through this region.

Although both methods produced similar results at the sampled low air-gap boundaries,
the limitations of the fixed LUT structure became evident as the planar actuator moved
into the Qutside LUT Range. The dual-NN outperforms the LUT at this volume, reducing
all the axis-calculated RMSE metrics, the 30 variance for F, from 1.217 N to 0.968 N
and nearly halving the T}, 30 error. Figure 4.9 further illustrates this behavior, visually
showing the RMSE values across both sectors. The grouped bar charts show that both
methods maintain safe control tolerances and similar relative error to the analytical version
in the lower air-gap range, but the dual-NN clearly improves over the LUT method during
high air-gap motions, especially for the calculated torques, showing that the proposed
method supports the extended tilting ranges required for the manipulator cooperation.

Table 4.2: Total 16-Coil Error Comparison Relative to Analytical Baseline

Inside LUT Range! Outside LUT Range?
Metric LUT Dual-NN LUT Dual-NN

RMSE F,, 0.110N 0.153 N 0.310 N 0.260 N
RMSE F, 0.201 N 0.216 N 0.433 N 0.314 N
RMSE T,, 58mNm 74 mNm 26.9mNm 13.2 mNm
RMSE T, 50 mNm 4.3 mNm 125 mNm 7.8 mNm

3o Fy, 0.324 N 0.459 N 0.876 N 0.806 N
30 F, 0.497 N 0.653 N 1.217 N 0.968 N
30 Tyy 15.8 mNm 223 mNm 75.1 mNm 40.9 mNm
30 T, 142 mNm 13.2 mNm 35.3 mNm 24.4 mNm

1 Z € [16,30] mm, Tilt € [-10°,10°].
2 Z € (30,60] mm, Tilt € [-30°,30°].
Note: RMSE values are also visualized graphically in Fig. 4.9.
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Comparison of 16-Coil Total Wrench Error: 4-Layer NN vs LUT
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Figure 4.9: RMSE comparison across the entire workspace range

4.3 Interaction Path Generation

Any robotics or path planning algorithm requires the definition of the objective task,
whether it be the parking of a robot or the manipulation of an object. For the MLPA
interaction with an external manipulator, the goal defined conveys the completion of a 5-
DOF trajectory by the end effector of the robot arm, which is a process typically developed
for manufacturing procedures such as welding, painting, part inspection, and assemblies.
In this section, the generation of the task trajectory is developed.

4.3.1 Mesh-Based Trajectory Extraction
Prior to generating the task trajectory, the object involved in the interaction between

the DMM and the manipulator, referred to as the target, must be defined. Assum-
ing the target’s mesh model is available, as is standard in the manufacturing industry,

95



a local coordinate frame T can be assigned to it. Within this local frame, a dis-
cretized trajectory S, is constructed, comprising a finite set of N,, waypoints such that
Sp = A{"'"T,, 9" Ty, ..., "' Ty, }, where 'T,, represents the transformation pose of the k-
th waypoint. As an example, Figure 4.10 illustrates a target object assigned a discretized
straight-line path defined within its local frame. The target mesh and the trajectory

(a) Target frame definition on the local ge- (b) Relative waypoint coordinates to the local
ometry center. target frame.

Figure 4.10: Definition of the waypoint coordinates with respect to the target frame.

waypoints are defined using the CAD software SolidWorks. These discretized waypoints
establish the spatial coordinates that the manipulator’s end effector must reach to execute
the task.

However, a single trajectory only specifies the positional coordinates within the target
frame; it is insufficient to fully define the 5-DOF pose, as it lacks the required end-effector
orientation (i.e., the angle of attack). To address this, an auxiliary orientation trajectory
is introduced. While this secondary trajectory can assume an arbitrary shape, it must
contain the same number of waypoints (N, ) as the primary path to fully constrain the
task. As shown in Figure 4.11, this orientation trajectory dictates the angle of attack.
Conceptually, the orientation trajectory defines the origin of the approach vector, while
the primary trajectory dictates its destination and the required contact coordinates.

At this stage, the task trajectory is defined exclusively within the target’s local frame.
To express these waypoints in the global coordinate frame, to enable communication with
the manipulator, the following kinematic chain transformation is applied:

Too = T Tt T, (4.21)
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where T, denotes the global position of the DMM’s geometric center, ™1}, represents the
target’s offset relative to the mover (determined by the physical fixture), and "'T,, is the
discretized path waypoint relative to the target. Figure 4.12 depicts the complete assembly
of the mover, target, and task trajectory mapped into the global frame. The target mesh
and both trajectories are exported as STL and CSV format from SolidWorks, respectively.
This is done to generate each waypoint 'T,, matrix and for the collision verification of
the robot arm-target-mover assembly.

Figure 4.11: Definition of the orientation trajectory. Note the direction of the vector
obtained from using the orientation and the coordinate trajectory.

Required
Attack Angle,

Figure 4.12: Assembly of mover, target and trajectory path representation.
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4.4 Cooperative Path Planning and Workspace Fil-
tering

With the physical trajectory defined, the core contribution of this work lies in generating
an optimal and collision-free path for both the maglev mover and the robotic arm. In
this section, the continuous robot arm workspace is discretized with the models reviewed
in Section 3.2.2, with an introduced condition on the workspace filtering provided by the
trajectory objective. Finally, a Jacobian-based path planner is proposed to generate the
cooperative configuration chain between both mover and robotic arm systems.

4.4.1 Definition of the Interaction Process

In industrial manufacturing settings, the utilization of external positioning devices typically
follows a three-step procedure: an initial object motion step where the part is delivered
to the fixed workspace of the robot arm; an interaction step where the manipulator’s
tool executes the assigned task based on its capabilities; and a final delivery step where
the finished product is moved to the next station in the production line. To explore the
omnidirectional and flexible orientation capabilities provided by the maglev addition, a
comparable integration methodology is proposed with the following objectives, as visualized
in Figure 4.13.

First is an object motion step, where the mover, levitating at an arbitrary starting
point (Figure 4.13a), reaches a designated global coordinate position within the Testbench
and anchors itself (Figure 4.13b). Once anchored, the mover’s spatial translation is fixed,
leaving only rotational motions available. Second, the interaction step where the robotic
arm, with a fixed base, and the mover cooperate in parallel (Figure 4.13c). During this
stage, the arm’s end effector tracks the required Cartesian coordinates of the task, while
the mover simultaneously rotates to fulfill the orientation requirements of the 5-DOF target
trajectory, all while optimizing the interaction time. Third, the return step where the arm
retracts to its home position and the mover returns to its original starting pose (Figure
4.13d). The overall time evaluated and optimized by the planner is the combination of
these three consecutive steps.

Constraining the mover’s spatial position upon the initiation of the interaction serves to
establish a robust methodological baseline, acts as a critical safety measure, and provides a
decoupling strategy to systematically reduce the dimensionality of the overall configuration
space.
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(c) Interaction phase at anchor (d) Return to home

Figure 4.13: The cooperative interaction sequence outlining the initial state, translation,
interaction, and return phases.
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4.4.2 Workspace Filtering and Testbench Constraints

As discussed in Section 2.2.2, a computationally efficient way to represent the reachable
workspace of a manipulator is through a randomized sampling discretization using a Monte-
Carlo drawing method. The joint configuration ¢ is generated by sampling each joint
variable ; from a continuous uniform distribution bounded by its mechanical and self-
collision limits [6; ;min, 0i maz]. The corresponding end effector pose is then calculated using
the developed analytical forward kinematics model.

However, for the cooperative interaction task, the raw generated workspace must be
restricted. Each sampled pose is subjected to two distinct filters. The first is a collision
check that verifies the entire arm structure against the static environmental obstacles of
the Testbench. The second is a geometric boundary filter that discards any end effector
positions falling outside the allowable levitation area of the MLPA and a safety boundary
range to eliminate possible singular configurations produced by the manipulator. This en-
sures that the arm only attempts interactions within the spatial domain where the mover
can safely operate, and the mathematical pipeline developed (geometrical inverse kinemat-
ics and the path-planner solver) does not fail during the exploration of the space due to the
loss of matrix dimensions at any point. This sampling and filtering loop is iterated until
a sufficiently dense set of N, valid configurations is obtained, representing the feasible
cooperative workspace. Figure 4.14 showcases this iterative process, where a final number
of possible manipulator configurations are left.

4.4.3 Anchor Generation and Selection

With the arm’s workspace discretized and filtered, the cooperative interaction task requires
the system to track the geometric path S, inscribed on the target object. To successfully
complete S,, the combined motions of the robot arm and the mover must satisfy the
kinematic matching constraint such that the global end-effector transformation aligns with
every target waypoint along the trajectory.

To define the mover anchor pose in the global frame, subject to the feasibility check of
completing .S, an initial screening over all the surviving ¢ configurations is performed
as follows. Let the end-effector global transformation matrix be 7T, obtained through the
kinematic chain T, = T3°T,, where T} is the global pose of the fixed robot arm base and
T, is the relative end-effector pose to the base. By applying the manipulator forward
kinematics (FK) model with input g to find ®T,, the required mover pose Ty, to comply
with any waypoint £ is given by Equation 4.22, where the relative mover pose “*7T,, is
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Figure 4.14: Levitation area arm workspace filtering. Dimensions in meters

found by “kT,, = ("T;,"9'T,, )"
Tm — TaUIkTm‘ (4.22)

Instead of selecting individual pathway points as anchors and blindly testing the feasi-
bility of each one, an optimal average path pose "9'T;,,, is defined to minimize the aggregate
spatial deviations from all NV, waypoints. Decomposing this optimal state into a Cartesian
position vector pg,, and an orientation quaternion Qg.,, the formulation is decoupled into
a translational and a rotational optimization problem, given by

Ny
Jp— — pusll?, and 4.23
Pavg arggé}l%ggllp Pu|?, an (4.23)
Ny
avg — 1 A —A w 2, 4.24
Quy = g iy 3 1AIQ) ~ 4@l (42

where p,,r and Q, x are the position and quaternion representations of T, , A(Q) de-
notes the rotation matrix corresponding to the quaternion Q, and || - || is the Frobenius
norm [11]. Figure 4.15 illustrates the average path pose for a circular path on a DMM with
a start target object. It is this averaged pose that is tested for the initial anchor screening
feasibility.
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Figure 4.15: DMM and object with assigned circular path. Dots represent the coordinate
position of the waypoints and the red arrow the desired interaction orientation.

Once the optimal average path pose tgtTwavg is found, the corresponding optimal mover
anchor pose T is calculated by substituting “*T,,, . into Equations 4.21 and 4.22. Because
the anchored mover functionally acts as a spherical wrist restricted to pure rotation, mini-
mizing the spatial and rotational deviations of the path inherently minimizes the required
angular effort of the mover’s joints «; for all i € {1,2,3}, which represent the mover’s roll,

pitch, and yaw, respectively.

Each of the N5 surviving g.s; configurations yields a possible global anchor pose 7%,
which is then tested for collision and kinematic limit boundaries. The resultant valid T
configurations are used as the fixed global coordinate constraints for the time-optimal path
completion algorithm. Any non-compliant anchor candidate is discarded, since a failure
implies a collision for at least one of the waypoints wy in the static obstacle configuration
space.

4.4.4 Optimization and Trajectory Generation

With a set of surviving anchor candidates, the core contribution lies in generating a time-
optimal, collision-free configuration chain. The interaction model, once the mover is an-
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chored, operates as an overactuated system. Following standard Jacobian-based redun-
dancy resolution methodologies for redundant manipulators revised in Section 2.2.2; the
algorithm is divided into two coupled stages.

First, a local Jacobian-based solver generates multiple feasible configurations at each
waypoint by exploiting the redundancy of the 5-DOF point-of-contact task. For a fixed
anchor position, the local optimization variables are defined as z = [y, g, a3, ] T, where
«; are the mover orientation angles and ¢ is the arm pitch variable. At waypoint k, the
residual error vector e is defined as

e = |:pa _pwk

r, :| ) r, = (raxang - r;—xangia)iaa (425)

where p, and p,,, are the tool tip and waypoint positions, rayang is the axis-angle orientation
error between the tool frame and the waypoint frame, and z, is the tool’s local Z-axis.
The projection r; removes the orientation error component corresponding to the free twist
about the tool axis, reducing the fully constrained 6-DOF task to a 5-DOF point-of-contact
task.

A finite difference Jacobian J = % is computed with respect to the variables in z.
The local iterative update combines a primary correction of the residual with a secondary
objective projected into the task’s null space, similar to the null-space projection introduced

for coil currents in Equation 2.11. This update is given by
Az = —J¥e + (I - JT])VO, (4.26)

where J# denotes the damped pseudoinverse and J' forms the null-space projector. The
secondary objective gradient V& utilizes a weighting matrix W to penalize deviations from
a preferred state zpyes:

VO = W(zper — 2). (4.27)

The weighting matrix penalizes deviations in the mover’s roll and pitch more strongly than
its yaw, encouraging the mover to remain close to its preferred orientation while satisfying
the interaction constraints.

Each converged solution is checked for collisions and stored as a feasible candidate. To
capture the full redundancy and avoid collapsing into a single local solution, additional
nearby candidates are generated by perturbing z along the 2D null space N (J).

Second, these feasible candidates are organized into a layered search graph. FEach
layer corresponds to one trajectory waypoint, and each node represents a collision-free
configuration for that waypoint. Edges connect configurations in consecutive layers, with
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weights assigned based on the maximum parallel execution time required for both the arm
and the mover to transition between those states. The graph is augmented with a start
node (accounting for the initial mover approach time ¢,) and an end node (accounting for
the return-to-home time ;).

Finally, Dijkstra’s algorithm is applied to compute the shortest path through this graph,
selecting the sequence of waypoint configurations that minimizes the total overall comple-
tion time t.. This yields a fully synchronized and optimal cooperative trajectory ready
for execution by the master-slave controller. The complete procedure is summarized in
Algorithm 2.

Algorithm 2 Null-Space Configuration Search for Anchored Mover

Require: Candidate anchors A, waypoints {wk}kNgl, tolerance e
Ensure: Optimal anchor f* and configuration sequence Q*

1: tf « 00, Q"+ 0

2: for all f € A do

3: Init graph Gy and seeds S; for z = [ay, a9, o, BT

4 for k=1,...,N, do
5 Vk < @
6: for all zy € Si do
T Z +— Zg
8: repeat
9: Recover IK @; compute e = [py — Puw,,r1]' and J = de/dz
10: Az + —J#e+ (1= JI)W (Zpret — 2); 2 < 2 + Az
11: until ||e]| < £ or max iterations reached
12: if |le|| < € and collision free then
13: Add (0, o) as node v € Vi,
14: end if
15: end for
16: if Vi, = 0 then
17: Discard anchor f and continue
18: end if
19: Gen. Siy1 by perturbing Vi along NV (J); Connect Viy_1 — Vi with cost cf{l
20: end for

21: Add start/home edges; Compute shortest path Qf in G; (Dijkstra)
22: if t.(Qy) < t} then

23: tz — tc(Qf), QF «— Qf7 < f
24: end if
25: end for

26: return f* Q*
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4.4.5 Arm-only Baseline Configuration Search

For comparison during experimental validation, an arm-only baseline algorithm is defined
by imposing the additional constraint that the mover remains fixed at the selected an-
chor pose throughout the interaction phase. Under this strict restriction, the coordinate
transformation for each trajectory waypoint must be generated directly from the constant
anchor pose, and the arm configuration is recovered independently via the analytical 1K
model using the corresponding waypoint position and required planar pitch. The same
layered graph for optimization is applied as before. The baseline procedure is detailed in
Algorithm 3.

Algorithm 3 Configuration Search for Arm-only Baseline

Require: Candidate anchors A, waypoints {wy,}*,
Ensure: Optimal anchor f* and configuration sequence Q*
1: tf « 00, Q"+ 0

2: for all f € A do

3: Initialize layered graph Gy

4: Extract fixed anchor pose (py, ory)
5: for k=1,...,N, do
6: Vi 0
7 Extract target position p,, and planar pitch ¢z
8: if target approach direction is incompatible then
9: continue
10: end if
11: Recover arm joints 6}, from analytic IK using (puw,, ¢r)
12: if IK succeeds and configuration is collision-free then
13: Add (0x, af) as node v € Vy,
14: end if
15: if V, = 0 then
16: Discard anchor f and continue to next anchor
17: end if
18: if £ > 1 then
19: Connect Vi_1 to Vi with cost c]fjfl = tarm
20: end if
21: end for
22: Add start and home-return edges to account for t5 and tj

23: Compute shortest path Q; in Gy using Dijkstra’s algorithm
24: if t.(Qy) < t} then

25: th—t.(Qf), Q"+ Qyp, f*« f
26: end if
27: end for

28: return f*, Q*
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Chapter 5

Experimental Results and Discussion

This chapter details the experimental validations conducted to evaluate the performance
of the proposed methodologies. The first section analyzes the improvements in the mover’s
state estimation and control using the developed predictive Kalman Filter mapping, com-
paring it against the original rigid table system. The second section focuses on the co-
operative path planning pipeline, deploying the fully integrated robotic arm and MLPA
system to complete complex trajectory tasks, comparing the cooperative approach against
the arm-only baseline.

5.1 Mover Model Calibration and State Estimation

Before evaluating the cooperative path planner, the core enhancements to the mover’s
state estimation, wrench calculation, and control loop were validated. The developed
model, which incorporates the calibration routine for active coil mapping, the new wrench
modeling, and a revamped prediction step using a Kalman Filter, was compared against
the original LUT model. To comprehensively assess improvements in tracking performance
and stability, the system was subjected to two distinct long-stroke paths: a circle and a
rectangle at two different air gaps.

The geometric and dynamic parameters defining these two experimental paths are de-
tailed in Table 5.1 and Table 5.2. For both paths, the tilting angles and mover Z coordinate
were maintained at a constant 0° and 24 mm, respectively, throughout the entire trajectory.
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Table 5.1: Parameters of the Circular Long Stroke Path

Parameter Value
Starting Pose (X,Y) [-80, 0] mm
Radius 170 mm
Speed 1000.0 mm/s
Acceleration 2500 mm/s’

Table 5.2: Parameters of the Rectangular Long Stroke Path

Parameter Value
Starting Pose (X,Y) [-180, -180] mm
Side Length (X) 360 mm
Side Length (V) 360 mm
Speed 1000.0 mm/s
Acceleration 2500 mm/s’

5.1.1 Path Tracking Performance

The tracking performance of both the original and improved system models was evaluated
while executing the defined paths. Figure 5.1 displays the experimental results for one of
the recorded circular paths at a low air gap. Both models tracked the circle with relatively
similar positional accuracy; however, the enhanced prediction stability of the modified
model produced a noticeably smoother trajectory with significantly less jitter, which is
particularly evident in the Z-axis tracking.

A similar conclusion can be drawn for one of the single runs recorded for the rectan-
gular path shown in Figure 5.2. While the modified model generally maintained smoother
tracking, it exhibited slightly higher tracking errors in certain localized regions of the path.
This behavior is theorized to be a byproduct of reusing the identical controller gains from
the original LUT model, which had been explicitly tuned for a restricted 4 x 4 coil module
configuration rather than the full extended workspace. Nonetheless, it is clear that when
the mover accelerated out of the corners, the original model suffered from control effort
spikes due to the noisy nature of its raw velocity predictor, generating significantly higher
tracking deviations compared to the smooth response of the improved model.
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3D Trajectory Comparison (Circle Motion)
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Figure 5.1: Experimental tracking results for the circle path, comparing the original model
against the developed model.

3D Trajectory Comparison (Square Motion)
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Figure 5.2: Experimental tracking results for the rectangle path, comparing the original
model against the developed model.
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The same paths, long stroke, and mover parameters are applied to a higher air gap
application outside of the LUT construction range, with the intention of analyzing the
new dual-NN performance. Figures 5.4 and 5.5 show the global path of the DMM. For
both paths, the original LUT model failed to complete the total path, failing to reach the
starting pose and only being able to complete ~ 8% of the rectangular and circular paths,
respectively. While it is expected that the wrench values diminish and flatten with higher
global Z positions, the wrench value change during motion of the mover is not linear, as
approximated by the original implemented interpolation method of the LUT. With the
additional controller effort required to reduce the missing pose-range values, the system is
unable to correct all accumulated wrench offsets to the real pose, causing levitation failure.
In contrast, the dual-NN setup not only has information about the expanded range, but it
also intrinsically learns the curvature figure of the wrench values at different X — Y poses
of the stator.

To investigate the dual neural network capacities for large-tilt operations during coop-
erative interaction, an in-place rotation motion was conducted. Figure 5.3 demonstrates
that stable and accurate tilting motions can be obtained with the implemented neural
network model, expanding the available regions where the robotic manipulator and mover
can interact without either of the systems failing due to modeling issues.

In-Place Rotation Tracking Performance (Modified NN Model)
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Figure 5.3: Experimental tracking results for an in-place rotation with high tilting for the
DMM. The original model is not showcased since it failed to achieve the starting 25° tilting.
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3D Trajectory Comparison (High-Gap Circle Motion)
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Figure 5.4: Experimental tracking results for the circle path for high Z positions. The
original model results exhibit the mover failing to the flat array.

3D Trajectory (High-Gap Rectangle Motion)
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Figure 5.5: Experimental tracking results for the rectangle path, for high Z positions. The
original model is not shown since it previously failed to levitate and reach the starting
pose.
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5.1.2 Tracking Error Metrics

To quantitatively summarize these improvements, the tracking error metrics for all paths
and models are presented in Table 5.3. The Root Mean Square Error and Mean Absolute
Error are reported for each Cartesian axis (in mm) and each orientation angle (in degrees).

Table 5.3: Tracking Error Metrics Comparison

Path Model  X-Axis (mm) Y-Axis (mm) Z-Axis (mm) Roll (°) Pitch (°) Yaw (°)
RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE
Low Air Gap (Z = 24mm)
Circle LUT 0.092 0.066 0.250 0.119 0.200 0.150 0.398 0.275 0.481 0.331 0.128 0.093
Circle Dual NN 0.078  0.057 0.233 0.128 0.204 0.158 0.247 0.177 0.326  0.225  0.105  0.080
Rectangle LUT 0.211 0.100 0.220 0.114 0.204 0.154 0.429 0.261 0.335 0.223 0.107 0.079
Rectangle Dual NN 0.233 0.108 0.249 0.123 0.232 0.181 0.363 0.244 0.300 0.205 0.096 0.070
High Air Gap (Z = 45mm)

Circle Dual NN 0.076 0.059 0.177  0.096 0.109 0.085 0.219 0.175 0.248 0.190 0.096 0.069
Rectangle Dual NN 0.215 0.097 0.220 0.101 0.106 0.082 0.322 0.229 0.177 0.122 0.093 0.066
In-Place Rotation (Z = 45mm)

Rotation Dual NN 0.173 0.140 0.133 0.102 0.163 0.118 0.279 0.202 0.413 0.331 0.082 0.064

As shown in the tracking metrics, the developed dual neural network model demon-
strated an overall improvement in the recorded mover angles over the original LUT method.
While a drastic reduction in positional tracking error was not observed across all axes, with
even small increased errors in certain paths, it must be noted that the extended opera-
tional range of the dual neural network mapping required the system to generalize over a
much larger workspace. Consequently, the improved model prioritizes reducing the overall
average error across all sampled poses. In contrast, and as explained previously, the newly
implemented dual-NN setup was able to obtain long stroke motions during the high air
gap zone in comparison to the original LUT model. The results show that the introduced
model can compete with the original while also increasing the levitation workspace by ~ 22
times, given the increased tilting and Z axis range.

To demonstrate the repeatability of the newly implemented model, multiple runs were
performed on both the rectangular and circular test cases at different air gaps. Figures
5.6a and 5.6b show single-axis pose-tracking results from multiple runs in the high-air-gap
case. The standard deviation (o) per axis was computed by generating a dataset of all
instantaneous errors (tracked pose against commanded pose per frame) for every recorded
run, including both high- and low-air-gap cases. This approach provides a generalized
performance measure rather than a case-specific metric, yielding the following values per
translational axis: 0.179, 0.224, and 0.217 mm for the z,y, and z axes, respectively. The
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global variance for orientation is as follows: 0.328°, 0.352°, and 0.089° for the roll, pitch,
and yaw tracked axes. Although only rectangular and circular paths were tested, the
consistency across multiple runs indicates strong repeatability of the magnetic-levitated
device on the two trajectories (curves and lines) that make up most of the required motions
during industrial automation.

Dual-NN Tracking Performance (High-Gap Circle Motion)
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(b) Individual axes tracking for a rectangular path.

Figure 5.6: Multiple recorded circular and rectangular paths during high air gap motion.
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5.1.3 Power Consumption Analysis

One of the most important aspects analyzed by engineers in manufacturing is the system’s
total power efficiency. Since the MLPAs task is the transport and positioning of the
workpiece, it is necessary to determine the overall power consumption during levitation.
This value not only defines the efficiency of transportation but also determines the energy
available to the mover to counteract external loads, such as the contact forces encountered
during painting, assembly, or welding. To determine the remaining power available for
manipulator interaction with the positioned workpiece, the rectangular and circular long-
stroke motions are grouped, and the average mover power consumption is obtained. The
parameters used for data collection are the same as in Tables 5.1 and 5.2.

In Figure 5.7, the power consumption during the circular and rectangular paths is shown
during an air gap of 22 mm. The studied mover achieved competitive power consumption,
with an average of 298 W across both tasks. For the power analysis, two runs of the
circular and rectangular trajectories were selected, with each run following the same path
twice. The mover’s power consumption remains well within the Testbench’s power limits,
even during consumption spikes, providing a large range of available power for external
load compensation.

Estimated Power Consumption at 22 mm air gap (Circular)

——Circle Run 1
——Circle Run 2

Estimated Power Consumption at 22 mm air gap (Rectangular)

—— Rectangle Run 1
—— Rectangle Run 2
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(a) Power consumption during the circular path. (b) Power consumption during the rectangular
path.

Figure 5.7: Power consumption during motion trajectories.

73



5.2 Cooperative Path Planning Evaluation

With the system’s foundational control validated, the cooperative path planning pipeline
was experimentally tested. The following sections detail the interaction cases, the execution
methodology, and the performance analysis comparing the proposed 5-DOF cooperative
planner against the arm-only baseline constraint algorithm described in Section 4.4.5.

5.2.1 Interaction Cases and Experimental Execution

The evaluations were conducted over three distinct geometric interaction paths to thor-
oughly examine the system under varying levels of dynamic complexity. For each experi-
mental test, the current arm joint angles and mover pose were used as the initial starting
node for both the cooperative and the baseline planners. Each planner was tasked with
generating the full sequence of configuration waypoints.

Once the feasible trajectory sequence was found, the trajectories were loaded and ex-
ecuted. A supervisory master-slave framework was initialized to synchronize execution,
where the robotic arm acted as the master and the DMM followed as the slave. As men-
tioned in Section 3.3, a global planner PC ran a path progression controller monitoring
the arm’s progress, continuously updating the desired mover pose so that both systems
reached each waypoint within a prescribed tolerance.

To account for real-world discrepancies, a pre-operation calibration was performed.
The arm was moved through various configurations, and the end effector pose was tracked
using Vicon markers to generate the required geometric transformations. Consequently,
the tracked trajectories represent physically measured motion rather than merely idealized
commanded poses. Appendix B details the end-effector calibration setup of the manipula-
tor in previous experiments.

5.2.2 Path 1: Circle Trajectory

The first evaluated interaction path is a circular trajectory, conceptually similar to the
circular paths often required in continuous-seam welding or adhesive dispensing. For this
evaluation, the specific circular geometry referenced as an example in Figure 4.15 was
tracked. The experimental tracking results for a single recorded run for this path are
reported in Figure 5.8, comparing the cooperative and baseline executions directly.
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Both the arm-only baseline planner and the developed cooperative path planner suc-
cessfully generated feasible waypoint sequences to complete the circular trajectory. During
the planning phase, it was observed that the arm-only baseline planner required consider-
ably less computation time than the proposed cooperative planner. This is expected; when
a trajectory is fully reachable by the arm alone, the redundant cooperative system yields
a near-infinite number of valid configuration chains for each anchor, forcing the planner to
evaluate a vastly expanded search space. Nonetheless, computation time can be reduced
by user preference during the planner call via an additional input that limits exploration
of additional branches by a limiting factor, similar to the well-known beam-search greedy
modification applied to the breadth-first search algorithm. [18].

During execution, however, the cooperative planner demonstrated distinct interaction
advantages. The arm-only baseline completed the trajectory in 82.61 seconds, with maxi-
mum positional tracking errors of (0.87,0.86,0.11) mm and RMSE values of (0.31, 0.32,0.03)
mm in the order of axis X,Y, and Z, respectively. In contrast, the cooperative strategy
completed the same task significantly faster, in 73.87 seconds, while simultaneously re-
ducing the positional MAE to (0.73,0.83,0.07) mm and RMSE values to (0.27,0.30,0.02)
mm. Both methods achieved identical orientation accuracy, maintaining a maximum pitch
error of 0.04° and a pitch RMSE of 0.01°. It is important to note that the reduction in
the error metrics does not derive from the usage of the cooperative algorithm, but is a
side effect of the single-arm planned path generating unfavorable combined poses where
tracking occlusion from the Vicon system could occur.

Interestingly, despite the faster completion time, the cooperative planner did not gen-
erate a trajectory that assigned the mover a higher yaw motion to accomplish the circular
path, as one might expect. This is because the cooperative planner inherently optimizes
for time efficiency; it naturally selects final orientation poses that closely align with the
starting pose, effectively eliminating the need for large yaw realignments during the homing
phase. In addition to the need for angle realignment to the starting pose after interaction,
the planner also takes into consideration the kinematics limits of both systems during the
graph search, which also influences the motion requirements of the mover since it calculates
a faster motion by the arm only, generating a path mostly dominated by the manipulator
using the cooperative path planner.
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Figure 5.8: Experimental tracking results for the circle trajectory (Path 1). Left column:
Cooperative execution. Right column: Arm-only baseline.
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5.2.3 Path 2: Line Trajectory

The second evaluated interaction path is a conventional straight-line trajectory, character-
istic of traditional assembling and welding production lines. The proposed path is the same
as shown in Figure 4.12, showcased in the previous section. The experimental tracking re-
sults for the line path are reported in Figure 5.9, comparing the cooperative and baseline
execution directly for a single run. In the arm-only baseline case, the trajectory was com-
pleted in 87.85 seconds. The maximum tracking errors recorded were (0.65,0.08,0.06) mm
for the positional axis, with RMSE values of (0.25,0.04,0.02) mm. The orientation control
yielded a maximum pitch error of 0.07° and a pitch RMSE of 0.02°.

Under the proposed cooperative strategy, the same task path was completed in only
71.21 seconds. The cooperative tracking demonstrated maximum errors of (0.07,1.02,0.06)
mm and RMSE values of (0.03,0.20,0.02) mm. The maximum pitch error was significantly
reduced to 0.03°, with a pitch RMSE of 0.01°.

While there is no correlation between the two planned trajectories, for this specific line
path on the target, a clear degradation in tracking accuracy on one of the positional axes
(X or Y error) occurs during the two configurations. Since the same error is shared during
both interactions, it can be attributed to the tracked path requiring a mover-arm tilted
interaction on a single plane with constant occlusion of the Vicon trackers. The reduction
in completion time continues to prove the anticipated benefits of active cooperation. By
not remaining fixed at a static anchor orientation, the mover dynamically assists the arm
by closing the spatial gaps between waypoints. Furthermore, the baseline algorithm was
forced to select a suboptimal anchor that required significant static tilting to comply with
the waypoints’ attack-angle constraint, thereby significantly increasing the approach and
home-return times (¢, and ¢,). This is an important effect from trying to complete a 5-
DOF task without mover motion, since, from all the possible anchors being checked, only
a ~ 5% of them will be able to fully accomplish the proposed task, with a high probability
of them requiring very large rotation angles.
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Figure 5.9: Experimental tracking results for the line trajectory (Path 2). Left column:
Cooperative execution. Right column: Arm-only baseline. Shows global coordinates, ex-
panded interaction phases, and attack angle tracking.
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5.2.4 Path 3: Arc Trajectory

The final evaluation utilized a continuously changing orientation arc path. This curve de-
mands simultaneous cooperation between the arm and mover due to the aggressive shifting
required in the end effector’s Z-axis attack angle. Figure 5.10 illustrates the target and path
positional and orientation requirements, which change depending on the path distance.

Arc path

Figure 5.10: Proposed curve path for cooperative interaction.

For this complex curve, only the cooperative planner was successful in finding a feasible
sequence. The constrained arm-only planner failed to find any fixed anchor that could
satisfy the required end-effector position and orientation for all of the waypoints over
the entire arc. The trajectory tracked by the cooperative algorithm is shown in Figure
5.11. The complete path was finished in 127 seconds, yielding maximum tracking errors of
(1.01,1.62,1.12) mm and RMSE values of (0.32,0.52,0.39) mm. The maximum pitch error
recorded was 0.76°, with an RMSE of 0.32°. While tracking errors marginally increased
compared to the simple line path, primarily due to dynamic tilting and intermittent optical
occlusions of the Vicon markers, this experiment conclusively demonstrates the critical
necessity of the cooperative framework for enabling lower-DOF manipulators to complete
otherwise infeasible tool paths.
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Figure 5.11: Experimental tracking results for the arc trajectory (Path 3) utilizing the
cooperative planner. The arm-only baseline failed to find a valid solution for this path.
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5.2.5 Individual Tracking Performance

As previously done with the experimental results from the comparison between the dual
neural network and look-up table modeling, multiple algorithm runs were performed to
calculate the repeatability of each individual system. One important factor to consider is
that the path planner algorithm, being naturally sample-based, can produce different kine-
matic sequences for both the manipulator and the mover, which in turn produce different
outcomes and task times. Nonetheless, if the same dataset of sampled manipulator joints is
used, the path planner will always reach the same kinematic chain because the algorithm’s
initial seed will be the same (the mover anchor’s pose). As such, the following analysis
aims to represent the accuracy achieved across multiple planned paths for each individual
device (mover and manipulator) to identify the robustness of each local controller during
cooperative interaction.

By providing and validating the same proposed paths from the previous section, three
successful runs of each path for the cooperative path planner are recorded and included
in the statistical analysis, using a procedure similar to that in Section 5.1.2. Table 5.4
presents the accumulated metrics from a total of 9 runs. While the overall motion is
completed with the precision found from the mover analysis alone, it is clear that during
cooperative motions the mover tracking performance is affected for short periods, producing
the observed peaks of maximum errors.

Table 5.4: Cooperative Execution Tracking Accuracy (Aggregated Runs Dataset)

Mover Accuracy
Metric X (mm) Y (mm) Z((mm) R, (deg) R, (deg) R, (deg)

RMSE 0.0375 0.0345 0.0446 0.1620 0.0987 0.0761
Max error 0.7419 0.5654 0.8644 1.2573 1.3983 1.4493

Arm/Manipulator Accuracy

Metric Joint 1 (deg) Joint 2 (deg) Joint 3 (deg) Joint 4 (deg)
RMSE 0.1020 0.0707 0.2421 0.3642
Max error 0.9630 0.4234 1.0773 1.7162
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Chapter 6

Conclusions

This thesis presented a comprehensive framework for the integration, control, and co-
operative path planning of a magnetic levitation planar actuator operating alongside a
conventional 4-DOF robotic manipulator. To accomplish this, the project was divided into
two main objectives: expanding the DMM levitation workspace due to the new cooperative
air-gap requirements and constructing a path planner capable of generating trajectories for
both the mover and the manipulator.

In this project, the enhancement over the initial control cycle model was implemented in
the form of a calibration map by exploiting the availability of the Vicon markers for correct
physical coil localization and the integration of a Kalman Filter into the model. It was
found that adding the Kalman Filter provided realistic system estimation, eliminating the
original implementation’s derivative spikes due to random tracking pose desynchronization.
The enhancements were validated experimentally in conjunction with a novel dual neural
network setup, designed to expand the range of a restricted look-up table without increasing
the required system memory and parameter loading time. The proposed model in this
project obtained a real-time execution of 398 us, which complies with the system timing
constraint of 1000 ps, while obtaining similar tracking performance to the look-up table
on the low air gap boundary and significantly reducing the mover errors during high air
gap motions, with analyzed cases where only the developed neural network configuration
could achieve levitation.

A new path planner algorithm was proposed for the cooperative interaction between
the mover and the manipulator. The path planner was designed to validate and utilize a
discretized sampled manipulator workspace for the generation of possible mover anchors.
Then, the constructed planner systematically explored the null-space of the system to
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localize possible arm-mover configurations for a given task trajectory. The planner was
validated with a real magnetically levitated device for three different paths. It was ex-
perimentally verified that only the cooperative planner can achieve certain trajectories,
while providing faster completion times in comparison to having the arm single-handedly
complete two of the proposed paths. This required designing and integrating a new com-
munication pipeline between the MLPA, a master PC with the path-planning logic, and
the robotic arm.

With the integrations provided in this project, the initial steps toward intelligent co-
operation between external and magnetically levitated devices were taken. The potential
of magnetic levitation technology for manufacturing was showcased by achieving task tra-
jectories that a conventional production line could not achieve without increased difficulty
due to positioning, space, and available manipulators.

6.1 Future Works

While this research successfully bridged the operational gap between an MLPA and an
external manipulator, the proposed cooperation algorithm opens several possibilities for
future improvements across diverse sections:

1. Enhancement of robustness of the null-space exploration: In the proposed
path planner, the original seed used for the solver as a starting guess is the calculated
average pose of the interaction track, given by the anchored position of the mover
and target relationship. When a successful anchor first waypoint is found, subsequent
layers of nodes are populated by perturbing the null-space of the solution of the
previous layer. This is done to find solutions from a family of configurations where the
mover is at the center of the rotation range of the interaction path, and the subsequent
calculated layers are close to the solved previous configurations, preventing sudden
changes of joint state. While practical and proven, the solver does not explore possible
configurations far away from the initial family of configurations. Sample-based or
seed-restart techniques could be explored to enhance the found optimal solutions.

2. Energy-Aware Path Optimization: Currently, the only variable optimized in
the local step of the cooperative path planner is task completion time. While time
efficiency inherently correlates with total energy consumption, explicitly incorporat-
ing an energy optimization parameter into the cost function could yield significantly
more efficient interactions, particularly for highly repetitive industrial tasks.
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3. Advanced Interaction Control Architecture: Although not the primary focus
of this thesis, replacing the current unidirectional master-slave observer controller
would greatly improve the interaction’s accuracy. An advanced bidirectional control
architecture would allow the mover to apply small, dynamic positional displacements
from its anchor pose to actively correct any mechanical deviations or vibrations
originating from the manipulator.

4. Mover as a Force-Sensing Device: Beyond its primary role as a purely positional
actuation device, the MLPA mover can theoretically be utilized as an additional
force-feedback sensor. By analyzing the displacements and control effort required to
maintain a pose, the system can measure the external forces applied by the robotic
arm’s tool. This supplementary force feedback could be used to increase the over-
all precision and performance of contact-based tasks across the entire interaction
sequence.
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Appendix A

Dual Neural Network Structure and
Wrench Modeling

This appendix provides an overview of the methodologies applied to design, train, and
deploy the dual Neural Network (NN) architecture used for real-time magnetic wrench
evaluation. The process encompasses dataset generation, network topology selection, real-
time symmetry transformations, and boundary extrapolation testing.

A.1 Dataset Generation

As introduced in Section 4.2.2, the training dataset for the neural network must densely
cover the 6-DOF interaction workspace without suffering from the curse of dimensionality
inherent to uniform grid sampling. To achieve this, a quasi-random Sobol sequence was
employed. Sobol sequences ensure a close uniform distribution while preventing the clus-
tering of sample points, thus providing a robust training foundation for the neural network
setup.

To prioritize the high magnetic field gradients occurring at closer proximity to the
stator, the dataset is split. The lower air gap zone (16 mm < Z < 28 mm) contains
50% of the samples, while the remaining 50% spans the upper air gap zone. Furthermore,
a collision filter evaluates each generated pose to ensure the mover does not physically
intersect the stator plane before calculating the analytical wrench. Figure A.1 illustrates
the distribution of the generated dataset across the 6-DOF configuration space using the
Sobol sequence.
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Figure A.1: Distribution of the generated dataset across the 6-DOF configuration space
using the Sobol sequence. Note the higher sample rate in the lower air gap region. Also, the
collision filter removes tilting poses that produce a collision, generating the funnel pattern
on the Z vs tilt plots.
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Figure A.2: Visual representation of the collision filter boundary conditions. The left
image shows a safe tilt angle at a higher air gap (passed), whereas the right image shows
a collision at the same tilt angle but a lower air gap (filtered).

A.2 Wrench Quarter Mapping Logic

Instead of calculating the entire X — Y range of action between the electromagnet and the
DMM, multiple researchers utilize the intrinsic symmetry of the stator to reduce the overall
pose and wrench datasets [59, 60, 57]. This same strategy is implemented to increase
the capacity of the trained neural networks to learn the intrinsic wrench changes on a
specified area. By applying the symmetry logic shown in Algorithm 4 during the PLC
implementation, the wrench modeling system can seamlessly calculate the wrenches for
any mover pose.

First, the input to the algorithm is the relative pose of the mover with respect to the
center of the active coil. Using this input pose, the quadrant currently occupied by the
mover is determined. The corresponding symmetry transformations are then applied to
map the pose into the first quadrant, where the neural network evaluates the magnetic
wrench. Because the computed wrench corresponds to the first-quadrant pose, a final un-
wrapping step is required to translate the force and torque vectors back to the mover’s
original quadrant. Figure A.3 illustrates the wrapping logic used to determine the equiva-
lent first-quadrant pose.

Because the mover arrangement comprises four identical disc permanent magnets, it
possesses a 90-degree rotational symmetry. This property allows the yaw angle to be safely
wrapped into a [0,7/2] domain without loss of physical accuracy, simplifying the neural
network’s required mapping space even further.
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Algorithm 4 Wrench Quarter Mapping and Yaw Symmetry Logic

Require: Input pose x = [2,v,2,¢,0,9]"
Ensure: Output Wrench Wy = [Fy, Fy, o, 70, 7y, 7o) T

,_
@

—_
—

— =
AR

Xq1 & X

if x <0 and y > 0 then > Quadrant 2
qu(x) — —x, Xq1<0) — _07 qu(qu)> — _¢

else if z < 0 and y < 0 then > Quadrant 3
Xq1($) — T, Xq1<y) — Y, Xq1(¢) < _¢7 Xq1<9) — —0

else if x > 0 and y < 0 then > Quadrant 4
qu(y) <Y Xq1<¢> «— _(b? qu(w) — _w

end if

X1 (1) = xp1 (1) mod (7/2) > Yaw 90-degree symmetry

Wout ¢ Dual-NN call > The Q1 wrench is calculated

if x <0 and y > 0 then > Quadrant 2
Wout(Fz> < _Fwa Wout<7—y) — _Tyv Wout(Tz) — Ty

: else if x < 0 and y < 0 then

—_ =
A

Wout(Fx) — _F:ca Wout<Fy) — _Fy7

: else if x > 0 and y < 0 then

>—~
&

— =
®

Wout(Fy) < —Fy,
end if

Wout (7—:(:) — — Ty,

: return W

> Quadrant 3
Wout(Ty) < —7y
> Quadrant 4

Wout (Tx) — — Tz,

Wout (Tz> — — T

97



A.3 Neural Network Structure and Topology Selec-
tion

To identify the optimal balance between computational execution speed (to comply with
the sub-millisecond real-time requirements of the PLC controller) and prediction accuracy,
multiple neural network topologies were evaluated. The configurations tested included
single large networks and various, different-sized dual network setups using Residual Multi-
Layer Perceptrons (ResMLPs) with hyperbolic tangent (tanh) and regular linear activation
functions.

While the split at the Z = 28 mm corresponds to a change in the levitation force Z
behavior, it is also applied to circumvent the PLC computational power limitations by
specializing the networks on different stages of levitation. This is easily seen in Table A.1
for Model A, which represents a singular deep neural network composed of a three-layer
setup and an increased neuron capacity. While similar error metrics were obtained, the
calculation time exceeds the 1 ms PLC constraint. Models B through D are structured
with the same number of layers, but with different capacities to find the saturation point
of learning the dataset. Therefore, they represent layers with a capacity of 16, 48, and 64
neurons, respectively. Model E introduces an extra layer. Finally, Model F is configured
with a similar structure as Model C, but a different activation function is used (a rectified
linear unit, ReLU).

The metrics selected to evaluate the error against the analytical model include the
maximum force and torque discrepancies, the Frobenius norm, and the Root Mean Square
Error (RMSE). The Frobenius norm, ||K|/r, is particularly intuitive as it compares the
overall structure of the predicted wrench vector against the analytical one, providing a
single scalar value that represents the total divergence between the two.

Table A.1: Comparison of Evaluated Neural Network Topologies (Single Coil vs Analytical)

Model Layers Neurons Time (us) Max F (N) Max 7 (Nm) Max |[K|r RMSE F,,. (1072 N) RMSE 7,,. (10~* Nm)

A 3 128 1982 1.251 0.059 1.446 1.95, 1.86, 3.10 1.11, 1.22, 0.59
B 3 16 110 1.548 0.066 1.752 4.77, 3.87, 5.82 2.24,2.19, 1.17
C 3 48 277 1.116 0.051 1.275 2.41, 2.30, 3.82 1.25, 1.40, 0.61
D 3 64 627 1.153 0.053 1.251 2.21, 2,12, 3.37 1.28, 1.28, 0.64
B 4 48 398 1.275 0.053 1.322 1.84, 1.75, 2.74 0.99, 1.07, 0.52
F 3 48 265 1.241 0.052 1.352 2.18, 2.09, 3.34 1.28, 1.55, 0.68

Based on the collected data, Model E represents the optimal balance for the dual-NN
implementation. Although it exhibits a roughly 43% increase in execution time compared
to Model C, it achieves an almost 30% improvement across the RMSE metrics, presenting
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a highly favorable trade-off. Interestingly, Model D—despite possessing more neurons per
layer—does not match the performance of Model E. This indicates that the wrench predic-
tion task benefits more from a deeper network architecture rather than simply widening
the layers, a characteristic advantage commonly observed in residual network structures.

Furthermore, while even larger networks could theoretically be employed to further
reduce the error, the real-time execution of the dual-NN setup within the Simulink control
loop must share computational resources with the Kalman Filter, the active coil mapping
interpolation, and other essential control components. Therefore, selecting a lightweight
structure like Model E maintains a critical margin of computational power on the PLC,
ensuring that the system remains flexible and responsive enough to accommodate future
algorithmic additions to the control loop.

Near Network (Z < 30mm) - Training and Validation Loss Far Network (Z > 30mm) - Training and Validation Loss
T T T T T T T T T T T T

T = o[ ]
Training Loss 10 Training Loss
Validation Loss Validation Loss

10°F

Loss (MSE)
3
Loss (MSE)
>

0 0.2 0.4 0.6 08 1 1.2 14 16 1.8 2 0 0.5 1 15 2 25 3
Iteration x10* Iteration x10*

(a) Near Network Loss (b) Far Network Loss

Figure A.4: Training and validation loss values for the selected dual-NN setup (Model E).
The dual architecture requires independent evaluations for the near and far air gap regions.

A.4 Extrapolation Capabilities and LUT Comparison

One of the primary limitations of the previous rigid Lookup Table (LUT) was its strict
spatial boundaries. Whenever the interaction trajectory forced the mover beyond the pre-
calculated LUT grid, the output wrench was artificially capped to the boundary values,
drastically degrading control performance.

In contrast, the dual-NN setup possesses intrinsic function approximation capabilities
that allow it to safely extrapolate slightly beyond the sampled domain without immediately
saturating. To validate this, tests were conducted comparing the wrench estimation of the
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NN against the full analytical model for configurations placed outside the valid boundaries
of the original LUT.

Table A.2 showcases the quantitative results of evaluating both models within this
extrapolated region. As observed, the dual-NN setup achieves almost double the accuracy
in terms of the RMSE across both forces and torques when compared to the clamped LUT
during numerical analysis. While the maximum absolute force discrepancies are relatively
similar between the two methodologies, this behavior is mathematically expected. The
magnetic field intensity naturally decays with increased distance (such as air gaps above
30 mm), meaning the absolute force magnitudes are inherently smaller; thus, the clamped
LUT values do not diverge as aggressively as they would closer to the stator. Nonetheless,
as seen by the experiments conducted and shown in Section 5.1, the original model was
unable to achieve the high air gap motions due to spontaneous change of mover control
effort required to maintain the air gap.

Table A.2: Extrapolation Performance Comparison Outside LUT Range (Z € [30, 60] mm,
Tilts +25°)

Method Max F (N) Max 7 (Nm) Max ||K|r RMSE F,,. (107! N) RMSE 7,,. (10~* Nm)
Per-Coil K-Matriz

Current LUT 2.670 0.136 3.037

Dual-NN 2.791 0.104 2.944

Total 16-Coil Assembly

Current LUT 2.411 0.118 2.615 2.38, 2.46, 3.61 19.66, 20.58, 9.98
Dual-NN 2.816 0.135 2.569 1.40, 1.45, 2.24 8.39, 8.43, 4.27
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Appendix B

Robot Manipulator Vicon
Calibration

This appendix details the calibration procedures performed on the 4-DOF robotic ma-
nipulator to accurately track its base and end-effector within the Vicon motion capture
system. These steps are necessary to obtain the transformation matrix of the end-effector
and to account for any forward kinematics (FK) or manufacturing errors resulting from
miscalculated manipulator link lengths.

B.1 Robot Arm Base Vicon Object

The first step in integrating the manipulator with the Vicon tracking system is defining the
coordinate frame of the robot base. Because the robot arm is designed to be attached to a
mobile platform in future iterations of this project, static physical measurements relative to
the MLPA testbench are insufficient. Therefore, reflective markers were physically attached
directly to the base of the robot arm.

Within the Vicon software, these markers were used to define a rigid body object repre-
senting the base of the arm. By creating this object, the system can continuously compute
the global transformation matrix of the arm’s base at any given time, regardless of its
position on the testbench or future mobile platforms. Figure B.1 illustrates the physical
placement of the markers and the corresponding object definition within the tracking soft-
ware, alongside the TwinCAT interface section utilized to record the real-time base pose
data.
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Figure B.1: Reflective markers attached to the robot arm base and the TwinCAT interface
utilized for tracking the base pose.

Algorithm 5 Vicon UDP Multi-Object Parsing and Assignment Logic

Require: Received UDP packet msg containing TotalObjects
Ensure: Decoded poses for the mover, end-effector, and robot base
1: for nObj = 0 to TotalObjects — 1 do

2: ItemOf fset < 5+ (nObj x T5) > Each object data packet is 75 bytes
3: if (ItemOf fset + 75) < 256 then
4: ObjName <+ Extract 24 bytes starting at msg[ItemO f fset + 3|
5: Thytess Ybytes) Zhytes < MSG[. . .| > Extract position bytes
6: Ranytes, Rybytes, R2bytes < msg]. .. ] > Extract rotation bytes
7: Convert byte arrays to double-precision real values (x,y, z, Rz, Ry, Rz)
8: Convert rotations from radians to degrees
9: if ObjName == "mover’ then

10: Assign values to mover pose variables

11: else if ObjName == ’end_effector’ then

12: Assign values to end-effector pose variables

13: else if ObjName == "arm_base’ then

14: Assign values to arm base pose variables

15: end if

16: end if

17: end for
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Initially, the system was configured to track only the mover object stream from the
Vicon PC. However, an additional modification was made to the TwinCAT PLC receiver
program to continuously stream the poses of both the robot arm base and the end-effector.
Leveraging the Vicon UDP protocol structure, up to three object poses can be extracted
and collected in every cycle stream package. To ensure that the decoding sequence as-
signs the correct pose to each object, regardless of the selection order in the Vicon tracker
program, the unique name string identifier (ID) of each object is used to map the corre-
sponding pose data. Algorithm 5 illustrates how the poses of the mover, the end-effector,
and the robot arm base are simultaneously parsed and assigned.

B.2 End-Effector Forward Kinematics Calibration

With the base transformation 7T}, continuously tracked via the established Vicon base object,
the next step is the end-effector calibration. This process corrects the theoretical Forward
Kinematics (FK) calculations to account for real-world deviations resulting from physical
attachment offsets. To accomplish this, a separate set of markers was attached directly
to the end-effector, creating a distinct object in the Vicon tracker yielding its global pose
T... As an important assumption, the generated correction homogeneous matrix, “#57T,,,
is expected to be constant during the entire interaction process. This translates to an
unchanging end-effector recording (or small variations) between samples at the same pose.

Since the global base position is reliably handled by direct Vicon tracking, the end-
effector calibration focuses entirely on identifying the local transformation offset “#5T,,
between the theoretical FK frame and the true physical end-effector frame. The procedure
is fully automated. A script commands the manipulator to move through a series of
predefined target poses within the camera’s Field of View (FOV).

At each configuration, the script stabilizes the arm and performs a robust sampling of
the end-effector’s global pose T,. alongside the base’s global pose Tj,. The theoretical local
FK pose *T,.,, is simultaneously derived from the current joint configuration. Because
the base transformation is precisely known, the offset can be isolated algebraically. By
rearranging the kinematic chain T,, = TbbTeeFKeeF &T,., the offset at each sampled pose is
directly extracted as ““*¥T,, = (TbbTee » K)_lTee. By averaging these computed offsets across
all valid target poses using rotational quaternion averaging and translational mean filtering,
a highly accurate, rigid end-effector offset matrix is obtained. Algorithm 6 summarizes this
direct offset extraction process. This calculated offset is then injected back into the control

loop to ensure high-fidelity spatial accuracy during all subsequent interaction tasks.
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Algorithm 6 End-Effector Offset Calibration via Direct Base Tracking

Require: Set of IV target joint configurations Qeargets

Ensure: Rigid End-Effector offset transformation matrix ¢F&T,,
1: Initialize empty arrays for translations togsets and quaternions Qosets
2: fori=1to N do
3: Command arm to target configuration Qeargets|?]

4: Wait for arm stabilization

5: Sample Vicon base pose T and Vicon EE pose T, over M frames

6: Apply spatial median filter to find representative Ty, and T,

T Compute theoretical FK local pose °T, rr using current joint angles

8 rRT e (TPToops) ' Too

9: Extract translation vector t(9 from €Fx Te(é)
10: Extract rotation matrix R(®) from €FKT, e(é) and convert to quaternion Q(i)
11: Store t® in togeets and Q@ in Qofisets
12: end for
13: tavg < mean(tofsets)
14: Qavg < meanrot(Qofrsets) > Average quaternions

15: Construct final offset matrix ““FX7T,, using tave and Qavg
16: return “°rx7T,,
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