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Chapter 1

1.1 Clinical context and motivation

Human movement and mobility are fundamental aspects of daily life, encompassing
activities such as walking, running, and other forms of physical activity that enable
individuals to interact with their environment. Efficient movement relies on the
complex coordination of the musculoskeletal, nervous, and cardiovascular systems
[1]. Impairments in gait and mobility can arise from various conditions, including
musculoskeletal disorders, osteoarthritis, and neurological conditions such as stroke
or spinal cord injuries [1-4]. These impairments can significantly impact an
individual’s ability to perform everyday tasks, leading to decreased independence and

quality of life.

“Lack of activity destroys the good condition of every human being, while movement

and methodical physical exercise save it and preserve it.” - Plato

Plato's insightful words emphasize the importance of physical movement and
physical activity for a human to live a healthy life. Mobility impairments are
associated with higher morbidity and mortality rates, contributing to increased risks
of chronic pain, obesity, cardiovascular disease, and mental health issues such as

depression and anxiety [5,6].

Physical rehabilitation is a critical component of healthcare and a primary solution
for addressing mobility impairments, aiming to restore function and improve quality
of life through targeted therapeutic interventions [7]. Rehabilitation encompasses a
range of therapies, including physical therapy, occupational therapy, and specialized
exercises designed to improve strength, flexibility, balance, and coordination. For
instance, rehabilitation for injuries such as ACL involves structured exercise
programs to restore joint (knee) stability and strength [8], while osteoarthritis
treatment focuses on pain management and joint function improvement through
physical therapy and assistive devices [7,9]. By addressing the undetlying causes of
mobility impairments and promoting optimal movement patterns, rehabilitation not
only reduces the immediate impact of these conditions but also mitigates long-term

health consequences, enhancing overall well-being.
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In order to allow patients to rehabilitate efficiently, it is essential for rehabilitation
clinicians to determine the functional status of the joints and to be able to monitor
progression during treatment [10]. Instrumented Gait analysis based on optical
motion capture systems provides quantitative insights into functional status, thereby
aiding clinicians in decision-making and treatments [11]. However, these
instrumented optical motion capture systems are restricted to laboratory settings, are
very expensive, and are complex to operate, requiring personnel with specialized
training. Additionally, the process is time-consuming due to manual post-processing
steps such as marker labeling and gap filling, limiting their integration into routine
rehabilitation sessions. Therefore, they are not widely used in clinical practice and
remain primarily as research tools [12], benefiting only a limited number of patients.
In current clinical rehabilitation settings, this determination of functional status is
mostly made based on visual observations by a rehabilitation clinician. The
rehabilitation clinician can substantiate the visual observations with the results of
several standard tests, such as the six-minute walk test, sit-to-stand test, and single-
leg stance test. The outcome measures that these tests provide are global and do not

provide insight into the underlying mechanisms causing the impairment.

To provide the best possible service to patients who are rehabilitating, it is important
to use measurements to gain insight into the kinematics and kinetics, such as the
joint angles and the net flexion moment, respectively, of the joint being treated [3].
For example, in patients suffering from knee osteoarthritis, it is important to gain
insight into the relative foot placement in relation to the pelvis and the knee
abduction and adduction angles [4,5]. The information on kinematics could help
them optimize internal load distribution within the knee joint, such that the load
within the affected knee is shifted and, as a consequence, slows down further
deterioration of the joint. For example, one of the relevant parameters in this context
is the foot progression angle, which has been shown to influence medial knee loading
and could be modified as a therapeutic intervention, as demonstrated in the work of
Wouda et al., 2021 [13]. These kinematic parameters play an important role in the
rehabilitation clinician's current thinking process and decision-making, but can only

be estimated very indirectly from clinical observations.

In current rehabilitation practice, most decisions on the treatment plan and the effect

of the treatment are based on clinical visual observations of the rehabilitation
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clinician. Providing them with more accurate objective measurements is expected to
significantly contribute to improved clinical decision-making, resulting in:

e An increased chance/possibility of learning how to improve treatment by
statistically studying the collective body of acquired monitoring data of all
patients [14]

e Decrease in the required number of treatments [14]

e Decreased pressute on the healthcare system and decreased healthcare costs
by a reduced number of treatments, improved quality of treatments, and the

future possibility of the potential of partial self-care [15]

Introducing measures of human movement to the primary rehabilitation setting
could potentially help in better decision-making based on quantitative data,
providing insights into patient function. Utilizing these data with regard to the health
situation of the patient can support more individualized treatments, thereby reducing
healthcare costs and speeding up recovery [15], allowing the patient to participate in
society more quickly. However, this potential remains largely unrealized due to
limitations in current tools, especially their cost, complexity, and limited applicability
outside research environments. A promising pathway forward lies in developing
practical and low-cost technologies that can support accurate quantitative human
movement assessment in clinical and home-based settings. Wearable sensor systems,
in particular, offer a compelling solution for enabling more accessible and
ambulatory analysis of human movement [16]. However, they have not yet been fully
adopted in clinical practices due to limitations in accuracy. This PhD thesis
contributes to the field of wearable 3D analysis of human movement by investigating
core technological components that could enable the clinical translation of wearable
sensors, where the specific focus is on improving body segment position estimation

capabilities through novel combinations of wearable sensing technologies.

This chapter first provides an overview of human movement analysis, outlining the
fundamental concepts and significance of studying human movement. It then
explores the current tools and systems available for analyzing human movement,
including their technological advancements and applications. This is followed by a
detailed examination of these systems, focusing on their use in clinical settings and
the latest trends in the field. The discussion then shifts to identifying the gaps in

both research and clinical practice, highlighting the limitations and challenges faced
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by existing movement analysis systems. Finally, the chapter presents the primary goal
of the thesis, explaining the research objectives and the methodology employed to

achieve these goals.

1.2 Human movement analysis

Human movement analysis is the systematic study of human motion through diverse
observational and measurement techniques. Human movement analysis provides
objective data about the movement parameters and strategies used, providing a
better indication of the quality of human movement [16]. The field of human
movement analysis combines principles from biomechanics, physiology, and
engineering to understand how the body moves and functions. It plays a crucial role
in healthcare, sports, and ergonomics by providing detailed insights into human
motion. In clinical settings, it could be used to assess and diagnose movement
disorders, plan and evaluate rehabilitation protocols, and monitor progress. For
example, gait analysis helps in the management of conditions like cerebral palsy and
post-stroke rehabilitation [11]. In sports science, it optimizes performance and
reduces injury risk by analyzing athletes’ techniques and biomechanics [17].
Ergonomics benefits from movement analysis by designing tools and workspaces

that enhance human performance and prevent musculoskeletal injuries [18].

The history of movement analysis dates back more than two millennia, with eatly
observations of animal movement recorded by Aristotle (384-322 B.C.) [19]. He
developed theories on the control of animal movement based on his observations.
The Renaissance period marked a significant leap forward as Leonardo da Vinci
(1452-1519) conducted anatomical studies on the human body by dissections of
cadavers [20]. The anatomical sketches of Leonardo not only highlight the surface
anatomy but also delve into the underlying mechanisms, offering a comprehensive
view that has contributed significantly to the fields of art, medicine, and anatomy
(Figure 1.1-Left). Andreas Vesalius (1514-1564) conducted similar anatomical
studies, deepening knowledge of human body structure and function. He is also
known as the “founder of modern anatomy” for his significant contributions to
human anatomical studies [21]. In the 17th century, Galileo Galilei (1564-1642)
provided the foundation for modern principles of motion. Giovanni Alfonso Borelli

(1608-1679) utilized the motion principles of Galileo to understand human
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locomotion, incorporating mathematics and physics (Figure 1.1-Right). He was the
first to compute joint forces by applying mechanical principles to human movement,
and Borelli is now considered the “Father of Biomechanics” [22]. René Descartes's
(1596-1650) and Sir Isaac Newton’s (1643-1727) Enlightenment-era contributions
further solidified this approach, describing the body as a mechanical system

governed by laws of motion.

Figure 1.1: (Left)-Sketches by Leonardo da Vinci on human shoulder muscles and the bones,
emphasizing intricate anatomical details. Source: Leonardo da Vinci, ‘Anatomical studies of the
shoulder’ (Right)-Borelli’s depictions of human biomechanics. Source: Giovanni Alfonso Borells,

‘De motu animalium’.

The 18th and 19th centuries saw empirical observations and early mathematical
models by scientists like Paul ]. Barthez and Wilhelm and Eduard Weber
contributing to the understanding of gait mechanics [23]. Innovations in
cinematography in the late 19th century led to significant advances in movement
analysis. Etienne Jules Marey and Fadweard Muybridge (1830-1904) provided the
first visual analysis of human and animal locomotion, with the use of photography
in studying motion dynamics [24]. Marey invented the chronophotograph, and he
also built a photographic gun to capture multiple images of a moving subject at 12

frames per second. He utilized a black suit with reflective strips to capture each of
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the segments of the human subject, creating a repetitive stick diagram (Figure 1.2).
Advances accelerated in the early 20th century with researchers such as Richard
Scherb (1880-1955) and Plato Schwartz (1892-1965) developing methods to study
muscle action and plantar pressures during gait [25]. The mid-20th century brought
significant breakthroughs as Jacqueline Perry and John V. Basmajian pioneered
quantitative gait analysis techniques [26] and electromyography [27], providing

insights into both normal and pathological aspects of human movement.

Figure 1.2: Etz'enne—]ule& Marey’s chronophotographic sequence of human locomotion, where
multiple exposures of a single person’s gait are recorded on one plate, visualizing the phases of
movement. Source: Public domain image by Marey, Locomotion’ ca. 1870-1880 reproduced

from [22]
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The late 20th century witnessed a revolution with the introduction of digital motion
capture technologies [28] by David H. Sutherland, John L. Hagy, and David A.
Winter. These technologies enabled precise measurement and analysis of human
movement, ushering in a new era of biomechanics and clinical gait analysis. The
article of Abu-Faraj et al., 2015 [22] provides a detailed history of the evolution of
human movement analysis from early 1000 B.C. till the late 20t century. Human
motion analysis has evolved from ancient philosophical investigations and empirical
observations to sophisticated scientific methodologies. Each era contributed
foundational knowledge and technological advancements that have collectively
shaped our current understanding of human locomotion. The latest advancements
in technology combined with the vast knowledge accumulated over centuries today

allow the 3-dimensional analysis of human movement.

1.2.1 Traditional laboratory-based movement analysis

Digital motion capture technology and computer-vision techniques form the basis
for the modern-day traditional laboratory-based 3D analysis of human movement
(3D AHM). These human movement analysis systems consist of optical marker
systems and force plates for the measurement of the kinematic and kinetic
parameters of human movement [29,30]. The optical marker system utilizes several
digital or infrared cameras to capture images of human movement through the use
of reflective markers placed on the human subject (Figure 1.3). These systems are
effective in tracking the trajectories of the marker placed on the body with sub-
centimeter accuracy [31,32]. These systems are also considered to be the gold
standard for measuring body segment positions, orientations, and various other
biomechanical parameters like joint angles, base of support, foot clearance, foot
progression angles, temporal-spatial gait parameters, range of motion, and
trajectories of end-effectors. Using inverse dynamics and joint biomechanical
models, joint moments and forces can be estimated with ground reaction force data

from force plates serving as input for these computations [33].

Despite the optical motion capture systems being accurate and clinically relevant,
these setups are usually expensive, large, and restricted to a fixed location in a

laboratory environment [12]. In addition, they also require lengthy preparation
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before measurement and complex processing after the measurement, which also

includes a manual labelling task, thus requiring longer processing times.

Figure 1.3: A typical laboratory-based optical motion capture system for buman movement
analysis (Left). A subject with reflective markers strapped onto the body for movement analysis

(Right)

It is essential to place the reflective markers precisely on specific anatomical
landmarks (Figure 1.3-Right), and a study by McGinley et al. has shown that the
inter-session reliability of the marker placement was inconsistent even when the
subject and rater were the same [34]. To be able to correctly estimate kinetics, the
patient has to place an entire footstep on the force plate without touching the area
around the force plate. This constraint may lead patients to (unconsciously) adjust
their gait pattern to target the force, potentially altering their natural gait pattern [35].
As the number of trials a patient can perform is limited, and since not every step is
successfully landed on the force plates, this yields only a few successful recordings
of steps with complete kinematics and force data per session. Alternatively, the force
plates are mounted on treadmills to collect data over multiple steps, however, they
restrict the person's motion to a straight line. The relevance of how walking on a
treadmill differs from walking on solid ground, and whether these differences affect
the motion analysis outcomes, remains under debate. These limitations, along with
the need for human movement analysis in more natural conditions or other settings
than the gait laboratory, such as in rehabilitation therapy or daily-life settings, have
directed the research of human movement analysis towards more affordable and

wearable sensing alternative methods.
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1.2.2 Ambulatory human movement analysis

The technological advancement in inertial sensing has led to the development of
Micro Electro Mechanical Systems (MEMS) based Magnetic Inertial Measurement
Units (MIMUs), which allow analysis of the kinematics and kinetics, with a cost-
effective setup [36]. These wearable MIMU sensors have gained popularity due to
their cost-effectiveness, user-friendliness, and compactness. The MIMUs consist of
a 3-axis linear accelerometer, a 3-axis rate gyroscope, and a 3-axis magnetometet,
which can concurrently measure along 3 axes linear acceleration, angular velocity,
and the local magnetic field vector expressed in the sensor’s orthogonal reference
frame. These sensors are available both commercially and in custom-built (non-
commercial) formats [16]. The commercially available MIMUs, such as Xsens,
provide pre-calibrated, wireless or wired sensor units, along with proprietary
software for data acquisition, real-time visualization, and post-processing (Figure
1.4). Non-commercial research-grade MIMU sensors may include open-source
hardware and software platforms, offering greater flexibility in algorithm
development and sensor integration. These sensors are usually mounted on the body
through pockets in Lycra measurement suits, elastic bands, Velcro straps, double-
sided adhesive tapes, or with medical adhesive tapes, and in some cases with a

combination of these methods [37].

Figure 1.4: (a) Photograph of a single MIMU sensor unit from Xsens Technologies B.V. (b)
Screenshot from a commercially available wearable human movement analysis software. (c)
Image of 6-axis MIMU sensor chips typically used in the custom-built sensors (Al-generated
image).

10
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Using MIMUs for accurate estimation of 3D orientations and rotational kinematics
is generally possible by applying sophisticated data fusion algorithms such as
Extended Kalman Filters [38,39]. This is achieved by utilizing the redundant
movement data obtained from the three sensor modalities of the MIMU [40]. For
instance, gyroscopes provide accurate short-term angular velocity measurements,
while accelerometers and magnetometers serve as references to correct long-term
drift, thus creating a functional redundancy in estimating orientation. However, the
accuracy achieved in absolute orientation is affected when the observability of the
two natural references (the gravitational force field and the Earth’s magnetic fields)
used is compromised. This happens for the gravitational field only in specific
situations of movement involving prolonged quasi-static accelerations in a
magnitude close to, or larger than, gravity, e.g., when making long bends in vehicles
ot speed skating. This usually does not occur in regular analysis of human movement
in rehabilitation or physical therapy. However, the magnetic field observability is
often compromised when measuring close to substantial masses of ferromagnetic

materials, which frequently occurs in indoor usage, e.g., close to concrete floors [41].

Besides rotational kinematics, 3D linear displacement kinematics can be derived
from the MIMU data. With a known starting position, the relative positions can be
estimated from the displacement kinematics. However, achieving consistent
accuracy in 3D position estimation is challenging due to the substantial integration
drift errors caused by the required double integration of the free acceleration signal
[42,43]. Unlike the angular estimates, there are no additional displacement data from
the sensor system that could be used to counteract this drift through data fusion
methods. Only in a few very specific use cases, these errors can be mitigated by using
assumptions on aspects of the movement performed by the human. One example is
the zero velocity update (ZUVPT) approach, which exploits the fact that in regular
(straight) walking, there is a short moment of zero velocity in the foot in each step
in the stance phase of gait [44]. Another approach is applying biomechanical
constraints to joint kinematics using a biomechanical model of the human body,
which incorporates subject-specific parameters such as segment lengths, joint axes,
and degrees of freedom [45]. However, these are restricted to the foot for ZUVPT

methods and limited to healthy subjects for biomechanical constraints, since patients
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often show deviating anthropometrics and exhibit subject-specific movement

patterns that severely violate these assumptions.

1.3 Human movement analysis in the current clinical
setting

The human movement analysis tools, both the laboratory-based optical motion
capture systems and wearable sensor systems, are widely used for clinical research.
These clinical research/studies are not regarded as clinical testing because the critetia
for clinical research and clinical testing are fundamentally different [29]. Specifically,
clinical testing is to make clinical decisions for the patient being tested, while clinical
studies are mostly about the conditions affecting patient groups and/or studying the
effects of interventions, etc. In the review article by Baker., 2006 [29], he introduces
several criteria for biomechanical measures that need to be achieved for the
successful use of human movement analysis tools in a clinical setting. The criteria

reported by Baker [29] are as follows,

The biomechanical measures of human movement analysis tools should be
e Reproducible
e Stable
e Accurate
e Appropriately validated
e (Capable of distinguishing between normal and abnormal
e Must not alter the function it is measuring
e Reported in a form analogous to accepted clinical concepts

o  Cost-effective

Optical motion capture systems are the most accurate among all the currently
available human movement analysis systems. The relatively high accuracies
achievable by these optical motion capture systems make them clinically relevant and
are also considered to be sufficient for the clinical decision-making process [46,47].
Despite these systems being highly accurate, only some specialized rehabilitation
centers have these laboratory-based optical motion capture systems (e.g., a Vicon or

Motion Analysis gait analysis system). These are attributed to the systems not

12
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meeting a few of the criteria indicated by Baker, namely cost-effectiveness,
reproducibility, and not altering the function being measured. The reproducibility
issues are mainly linked to the marker placement errors, which depend mainly on
proper technician training and protocol adherence. Therefore, the reproducibility
issue can be avoided by having a highly trained technician and standardized
protocols. Concerns about the system altering the function intended to be measured
are generally limited to specific movement scenarios. For instance, the patient must
step in the middle of a force plate in the measurement laboratory and ensure to
remain in the field of view of the cameras, which often influence/alter the natural
gait pattern of the patients. The most significant barrier is the high cost linked to the
setup and maintenance of these measurement systems, which makes them too
expensive to be purchased and managed by a first-line physiotherapy practice.
Almost all rehabilitation centers that use these systems are only funded from

research budgets and are used mostly for research purposes [12].

The alternative wearable human movement analysis systems are cheaper, portable,
and do not alter the function being measured. However, they are susceptible to
errors in absolute orientation estimation in situations where the observability of the
two natural references is compromised, as explained in Section 1.2.2. Similarly, they
are susceptible to errors in estimating positions due to integration drift. Although
some sophisticated algorithms improve the accuracy and consistency of orientation
estimates, they are based on assumptions of general human movement, which often
do not apply to patients who usually have abnormal movement. While for position
estimation, they still have a lower accuracy and consistency compared to optical
motion capture systems. Because of these reasons, currently, there are no validated
ambulatory/wearable medical measuring instruments with which this insight can be
obtained objectively, accurately, and reliably suited for use in primary rehabilitation
care. Therefore, there is a need for a substantially more accurate and highly

consistent wearable system for ambulatory clinical 3D AHM.

1.4 Research on improving ambulatory human

movement analysis

There is continuous ongoing research that is aimed at improving the accuracy and

consistency of the MIMUs for human movement analysis. For angular data, most of

13
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these improvements involve using more sophisticated algorithms that apply various
assumptions and constraints to mitigate error growth, as briefed in Section 1.2.2.
Other approaches focus on the controlled use of sensors to avoid situations that
cause errors, such as restricting measurements to short durations or few steps,
minimizing exposure to ferromagnetic disturbances, and sensor placement strategies
[16,48]. Consequently, the accuracy of angular kinematics has significantly improved
due to redundant data from multiple sensor sources within the MIMU. However,
the 3D position estimates derived from the 3D linear displacement kinematics
remain susceptible to large errors and often show temporal instability due to drift
accumulation. Also, advancements in algorithm optimization are nearing their limit.
Therefore, exploring the addition of supplementary sensors to MIMUs, which can
provide redundancy for 3D positional data, is a promising alternative [3]. The
addition of additional sensors could provide a better data fusion approach with
limited assumptions on the biomechanics of the subject and/or behavior, facilitating
a morte accurate position estimation in 3D analysis of human movement that could

work for patients.

The most commonly proposed sensors for estimation of positions (both in space
and on-body) that could be integrated along with the MIMU sensors atre, wireless
communication modalities such as Wi-Fi, ZigBee, Bluetooth, radio frequency
identification (RFID), Ultra-wideband (UWB) [49-53] and other sensors such as GPS
[54], ultrasound [55] and infrared (IR) sensors [56] (Figure 1.5). Among the multitude
of sensors, the GPS is not suitable for indoor settings [57], which is the common
environment for clinical human movement analysis. Within the wireless
communication modalities, UWB is considered to be the best in performance and is
known to achieve the highest accuracy [58-60], while others are known to have lower
accuracy due to external interferences such as reflections and Multi-path interference
[61,62]. Apart from UWB, Ultrasound, and IR sensors are also accurate enough to
integrate with MIMUs. However, the use of ultrasound in human movement analysis
is restricted due to interference issues that arise when multiple ultrasound tags are
used simultaneously [63,64], and the applicability of IR is constrained by the necessity
for direct Line of Sight (LOS) conditions [63]. Out of the three suitable sensors for
integration with MIMU, only IR and ultrasound sensor-integrated MIMUs have

been utilized directly for human movement analysis applications, while UWB-

14



General Introduction

integrated MIMU sensors have been applied exclusively for human tracking

applications.

Figure 1.5: Schematic representation of various sensor modalities that can be fused with MIMUs

for providing redundant position estimates for data fusion. While this study focuses on UWB as
the complementary sensor, other modalities such as GPS, RFID, and ultrasound are alternatives
explored in the broader literature.

The integrated UWB/MIMU sensors have great potential for improving accuracy
and consistency of position estimates for the 3D analysis of human movement,
mainly due to the complementary error characteristics of both these sensors that can
offset one another when fused. UWB sensors provide absolute, drift-free position
estimates but suffer in accuracy due to Non-Line-of-Sight (NLOS) conditions
between the ranging UWB pairs [65]. In contrast, MIMUs offer position estimates
relative to their starting position by integrating acceleration, which makes them
immune to NLOS but prone to integration drift over time [42]. These
complementary error profiles make them ideal candidates for data fusion, where
combined use improves accuracy and consistency beyond what each can achieve
alone. As a bonus, in wireless solutions, the UWB ranging messages could also
double as a means for data transport for both UWB and MIMU data, as their main

modus of Operandi is communicating with other sensors at extremely high speeds.
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This feature helps integration of UWB to MIMU modules into physical modules to

optimize the data fusion approach.

1.5 Problem statement and scope of the thesis

Though the integrated UWB/MIMU sensor system seems to hold the potential for
improved position estimation in 3D AHM by addressing the position estimation
issues in the current ambulatory system based on MIMU, they have not yet been
explored for the analysis of human movement. Instead, they have been used only
for human tracking and localization applications. These applications typically
operate over large areas and rely on fixed infrastructure, which is not representative
of clinical 3D AHM environments. There is no systematic research investigating
how UWB behaves within the spatial and anatomical constraints of 3D AHM with
only on-body sensors, where short-range on-body measurements and transient
NLOS conditions caused by body segments are prevalent. Furthermore, there is a
lack of research into the specific calibration procedures and algorithmic strategies
necessary for accurate and consistent position estimation using the integrated
UWB/MIMU sensotr combination in ambulatory human movement analysis,

particularly in configurations relevant to 3D AHM.

Realization of this integrated sensor system for clinical adaptation of 3D analysis of
human movement would require a structured approach and can be defined in three
phases. The first phase would be the core technology development, where it is
essential to understand the current capabilities and limitations of integrated
UWB/MIMU systems, develop hardwatre tailored and optimized for human
movement analysis, generate foundational knowledge on system behavior in these
contexts of 3D AHM, and design robust calibration and data fusion algorithms. The
second phase would consist of clinical validation, with the system being tested in
real-wotld clinical environments with patient populations, assessing its ability to
produce clinically meaningful movement parameters and refine its usability. The
final phase would be the clinical integration, where the technology would be adapted
into clinical workflows, explore regulatory approvals, and evaluate its cost-

effectiveness and utility in rehabilitation settings.
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This PhD thesis is focused exclusively on the first phase of the pathway toward
clinical adaptation, which is the core technology development. It does not aim to
deliver a final clinical product but instead lays the technical foundation required for
future clinical integration. Specifically, this research investigates the feasibility of
using integrated UWB/MIMU sensors for improving position estimation in the 3D
AHM. The scope includes the development of an integrated sensor system,
experimental characterization of UWB performance in relevant conditions, and the
formulation of calibration and data fusion algorithms aimed at enhancing accuracy
and consistency. The knowledge and methods developed through this work are
intended to enable and inform subsequent phases involving clinical validation and

real-world deployment.

1.6 Research goal

This research focuses on the development of the integrated UWB/MIMU sensor
system and researching their feasibility for accurate, consistent, and drift-free

position estimation in ambulatory 3D AHM through research, prototype
development, and validation. Therefore, the goal of this research is to “Develop an
integrated UWB/MIMU sensor prototype system along with the smart sensor fusion
algorithm, and validate the performance of the integrated system to find out its potential
for improving the position estimation accuracy and consistency of the 3D analysis of
human movement”. This research will explore the possibilities to improve the
position estimation accuracy and consistency using these integrated sensors,

attempting to facilitate ambulatory human movement that is more accurate and

consistent, such that they can eventually be realized in future clinical applications.

Achieving this goal requires several intermediate steps, which are defined as the

objectives of this study. The objectives of the research are the following:

1. Researching the feasibility of using integrated UWB/MIMU data fusion for
clinical human movement analysis, through a comprehensive literature
study evaluating the current integrated UWB/MIMU sensor systems and

their position estimation accuracies.
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2. Develop the integrated UWB/MIMU sensor system and characterize the
errors associated with UWB position estimation in situations of human
movement analysis.

3. Resecarch and validate strategies to mitigate errors and enhance the UWB
sensor system’s performance within the integrated sensor system.

4. Research, develop, and validate an algorithm for the optimal integration of
UWB and MIMU sensor systems for accurate position estimation.

5. Discuss the performance characteristics and feasibility of using the
integrated UWB/MIMU sensor system for estimating positions and its

clinical implications.

1.7 Thesis outline

This thesis is structured to progressively address the research objectives defined in
Section 1.6, starting from the feasibility analysis of the current system, development,
optimization, and final performance validation of the integrated UWB/MIMU
sensor system for 3D AHM. Chapter 2 addresses the first objective by evaluating
the feasibility of integrated UWB/MIMU systems for clinical 3D AHM through a
targeted literature review, identifying both their potential and gaps that limit current
applications. Chapter 3 addresses the second objective by developing a custom
integrated UWB/MIMU hardware platform and experimentally characterizing the
UWB error behavior in 3D AHM situations. Chapters 4 and 5 address the third
objective of enhancing UWB performance. Specifically, Chapter 4 introduces a
novel calibration method to mitigate the systematic errors present in UWB, while
Chapter 5 implements an optimization-based position estimation algorithm that
utilizes all the inter-node distances measured by the UWB sensors to improve
position estimation accuracy. Chapter 6 addresses the fourth objective by integrating
these optimized UWB position estimates with MIMU data using an Extended
Kalman Filter (EKF) based approach to achieve accurate, consistent, and drift-free
position estimation. Finally, Chapter 7 addresses the fifth objective by synthesizing
the main findings, assessing clinical implications, and outlining future research and

translation pathways.
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General Introduction

A summary of each chapter is provided here:

Chapter 2 provides information about the currently reported capabilities of the
Integrated UWB and MIMU sensor system in estimating position, and investigates
the potential for the use of these systems for the 3D AHM through a comprehensive
literature review. This chapter also identifies the research gaps and limitations that
currently restrict the integrated sensor system to only human tracking applications.
Furthermore, this chapter addresses the next steps to adapt this technology for
human movement analysis.

Chapter 3 describes the developed integrated UWB and MIMU sensor and
evaluates the performance of the UWB sensors in position estimation in scenarios
of typical 3D AHM. It also includes a detailed assessment of the sensor performance
in the scenarios relevant to the intended application of 3D AHM. Additionally, the
accuracy-limiting factors of the UWB measurements are investigated in this chapter.
Chapter 4 introduces a calibration method involving a non-linear optimization
algorithm to address the systematic errors in the UWB sensors and presents the
validation of the developed calibration method with both synthetic (generated with
a custom-built data generator) and experimental UWB position measurements.
Chapter 5 presents a position estimation method from the UWB distance
measurements based on an optimization technique that utilizes all the inter-node
distances between the UWB sensor nodes in a fully connected configuration. This
technique was validated using synthetic UWB data (derived from an optical motion
capture system). Also, the algorithm performance was compared against the
standard trilateration-based position estimation.

Chapter 6 presents a sensor fusion algorithm that combines the UWB and MIMU
sensor data optimally to achieve accurate, consistent, and drift-free position
estimates. This algorithm is then validated and tested with real MIMU data and
synthetic UWB update data (derived from an optical motion capture system) with
varying error characteristics in conditions typical in 3D analysis of human
movement.

Chapter 7 is the general discussion, which synthesizes the main research findings
from the previous chapters and highlights the clinical implications of these research
tindings. This chapter also proposes future research directions to advance the
developed integrated UWB/MIMU sensor system towards clinical application in 3D
AHM.
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Abstract

Integrated Ultra-wideband (UWB) and Magnetic Inertial Measurement Unit
(MIMU) sensor systems have been gaining popularity for pedestrian tracking and
indoor localization applications, mainly due to their complementary etrror
characteristics that can be exploited to achieve higher accuracies via a data fusion
approach. These integrated sensor systems have the potential for improving the
ambulatory 3D analysis of human movement (estimating 3D kinematics of body
segments and joints) over systems using only on-body MIMUs. For this, high
accuracy is required in the estimation of the relative positions of all on-body
integrated UWB/MIMU sensor modules. So far, these integrated UWB/MIMU
sensors have not been reported to have been applied for full-body ambulatory 3D
analysis of human movement. Also, no review articles have been found that have
analyzed and summarized the methods integrating UWB and MIMU sensors for on-
body applications. Therefore, a comprehensive analysis of this technology is
essential to identify its potential for application in 3D analysis of human movement.
This article thus aims to provide such a comprehensive analysis through a structured
technical review of the methods integrating UWB and MIMU sensors for accurate
position estimation in the context of the application for 3D analysis of human
movement. The methods used for integration are all summarized along with the
accuracies that are reported in the reviewed articles. In addition, the gaps that are
required to be addressed for making this system applicable for the 3D analysis of

human movement are discussed.
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2.1 Introduction

Currently, ambulatory 3D analysis of human movement finds an ever-expanding
range of applications in rehabilitation medicine, physical therapy, sports, and
ergonomics. The most widely used wearable sensor modality is the Magnetic Inertial
Measurement Unit (MIMU), which has gained popularity due to its low cost, ease of
use, and portability [38,66]. MIMUs typically comprise a 3-axial linear accelerometer,
rate gyroscope, and magnetometer that can simultaneously measure 3D linear
acceleration, angular velocity, and the local magnetic field vector in the sensor
reference system, respectively [67]. MIMU sensor systems are typically capable of
accurately estimating 3D orientation and, by extension, all other 3D rotational
kinematics, in a world reference frame by exploiting the redundancy in angular
movement data from these three sensor modalities through data fusion algorithms
such as the Extended Kalman Filter (EKF) [38-40].

However, the accuracy is limited when the observability of the MIMU sensot’s two
natural references, which are exploited to relate the sensor reference system to the
world reference system, is sub-optimal. These two natural references are the earth’s
gravity and magnetic fields. Observability of the earth’s gravity is only threatened in
situations of (prolonged) large or varying free acceleration, like situations of humans
in moving vehicles (especially in curves) and in some performance sports (e.g., speed
skating). In applications of physical therapy and rehabilitation, this typically does not
occur. Observability issues of the earth’s magnetic field typically occur in the vicinity
of ferromagnetic materials and easily occur in all applications, especially indoors and
with sensors close to any constructed floor [41,68]. Also, 3D linear displacement
kinematics relative to a starting position can be derived. However, the mostly
consistent accuracy achieved for 3D angular kinematics cannot be achieved in 3D
position estimation, as this involves double integration of the acceleration signal,
causing strong integration drift [42,43]. Since neither the rate gyroscope nor the
magnetometer provides additional displacement data, there is no possibility to
counteract this drift through data fusion methods, as is performed in the angular
estimates. As a consequence, the displacement estimates and the derived position

estimates are susceptible to relatively large errors.
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Multiple attempts to reduce these errors were made by exploiting assumptions on
the movement performed. This is realized, for example, by assuming an instant of
zero velocity of the foot in the stance phase of walking in a method called the Zero-
Velocity-Update (ZUPT) approach [44,69] or by assuming constraints to the joint
3D kinematics based on a biomechanical model of (part of) the human subject [45].
The application of these methods is (severely) limited by the validity of their
assumptions regarding the individual subject’s biomechanics or behavior, or
situational conditions. As the accuracy problems are due to integration drift, other
methods are proposed to limit positional estimates to estimates relative to temporary
world frames in cyclical movements short enough to prevent integration errors from
becoming substantial [3]. Exploiting the above assumptions can be a solution in
some applications, but especially in patients, they have limited applicability, as
patients typically perform in an individual-specific pattern, which severely violates

these assumptions.

Another possible solution suggested is the addition of additional sensor modalities
to the MIMU, secking to create redundancy for 3D positional data. This would again
enable a data fusion approach to tackle the integration drift issues and does not
require any assumptions on the subject’s biomechanics or behavior, or the situation
and/or the short-term cyclicity of the activity, specifically facilitating accurate 3D
analysis of human movement in patients. This approach requires adding
synchronized ranging sensors to the MIMUs that record the absolute distance
between the MIMUs on-body or between the MIMUs on-body and reference
ranging sensors positioned around the subject. For a successful application in the
3D analysis of human movement, the position estimates by data fusion of MIMU
with some additional sensor modality would require an accuracy that is similar to
vision-based systems, which are currently regarded as the ‘gold standard’. The
accuracy of the vision-based systems is considered to be clinically relevant and
sufficient enough for clinical decision-making [46,47]. While no explicit numerical
threshold for clinically acceptable accuracy is defined in literature, current consensus
papers emphasize the need for precise and verifiable measurements of positions and
joint kinematics to ensure clinical validity [70]. Consequently, to approach clinical
applicability, data-fusion methods should target sub-centimeter position estimation

errors (ca. 1 cm error or better), comparable to those achieved by vision-based
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systems that are generally regarded as sufficiently accurate for reliable clinical
interpretation [71,72]. In addition, a sufficiently high update rate faster than 1 Hz
from the position sensor being used for data fusion is necessary to keep the

integration drift errors low [73].

Commonly proposed ranging sensor methods for the estimation of positions in
indoor space exploit ultrasound [55] or infrared (IR) sensors [56]. However,
ultrasound is not suited for continuous 3D analysis of human movement due to the
low-frequency band [63,64], while the IR-based solutions require a direct Line of
Sight (LOS), which severely limits their use for wearable 3D analysis of human
movement [55,63]. Alternate technologies suggested for ranging are Wi-Fi, ZigBee,
Bluetooth, Radio Frequency Identification (RFID), and Ultra-wideband (UWB) [49-
53,74]. Among these, UWB is developed with the explicit purpose of ranging, while
all the others were developed for communication purposes and only later were they
used in ranging applications. Also, of all these methods, the highest accuracies are
reported for UWB ranging solutions (errors < 10 cm) [57,58,60,75], with lower
accuracies reported for the other solutions [76,77]. These UWB sensors are
developed as miniature ranging devices with smart sensor clock-independent Two-
Way-Ranging (TWR) algorithms. They use extremely low power and are currently
available in single-chip-based packaging [75]. However, their accuracy is still limited,
especially in Non-Line-of-Sight (NLOS) conditions [57].

Both MIMUs and UWB have their limitations in accuracy when independently used
for the estimation of the (relative) 3D position. However, as the sources of their
errors are complementary, itis expected that a data fusion-based integrated estimator
would improve position estimation accuracy to a higher level than possible with
either of them separately. This is because the MIMUs are prone to drift, but not
affected by NLOS, while UWB provides an absolute estimate of distances that is
drift-free, but is affected by NLOS. In the last decade, many researchers have
exploited the complementary characteristics of UWB and MIMU to achieve accurate
position estimates by smart data fusion [78]. All this suggests that, if an accuracy
similar to the current lab-based ‘gold standard’ can be achieved with the combination
of UWB and MIMU in a set of on-body sensors, applying a data fusion-based
approach could have great potential in improving ambulatory 3D analysis of human

movement. However, to the knowledge of the authors so far, UWB/MIMU data
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fusion applications involving humans are only reported in pedestrian tracking and
localization applications. No reports on exploitation for the full-body 3D analysis of
human movement with on-body integrated UWB/MIMUs were found by the

authors.

To be able to research and develop such an application for 3D analysis of human
movement, there is a need to identify the current state-of-the-art research on
integrated  UWB/MIMU methods for position estimation. Also, a better
understanding of the strengths and weaknesses of UWB/MIMU-based estimation,
along with the opportunities and threats for successful application in the 3D analysis
of human movement with only on-body UWB/MIMUs is essential. To the
knowledge of the authors, no comprehensive literature review currently exists that
provides the current state-of-the-art research on position estimation of humans (on-
body) using these integrated UWB/MIMU sensor systems. Therefore, this paper
intends to answer these questions through a technical survey of the literature and
provide a summary of methods and algorithms reported in the peer-reviewed
literature so far, along with the accuracies and stabilities achieved. As previously
identified, integrated UWB/MIMU systems have been primarily applied to
pedestrian tracking and navigation tasks rather than direct estimation of human
segment or joint positions. Therefore, this review focuses on summarizing existing
UWB/MIMU integration methods reported for pedestrian navigation and
localization, with the aim of assessing their potential applicability for future human

movement analysis.

Thus, the main aim of this paper is to identify the possibilities and limitations of
integrated UWB/MIMU sensor systems for achieving accurate position estimates in
3D analysis of human movement applications. This is achieved through a
comprehensive technical review of the literature in the past decade. To address this
aim, several objectives were formulated:

1. To provide an overview of the current state-of-the-art research on
estimation methods of (relative) 3D/2D positions of the human body,
human body segments, or joints applying data fusion methods integrating
UWB and MIMU sensor technology.

2. To summarize the configurations, protocols, and algorithms used in these

estimation methods.
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3. To summarize the achieved accuracy and stability reported for these
methods.

4. To discuss the strengths and limitations of these methods and their
consequences in the context of future application of 3D analysis of human

movement.

2.2 Methods

2.2.1 Search Procedure

The literature search was conducted in the databases of Scopus (Elsevier), Web of
Science, and PubMed on 2 February 2023. To frame the appropriate search terms, a
pre-search was carried out where a list of keywords was identified by considering a
set of the most relevant articles that were to be included in the review. Search terms
were then grouped into four groups, where the groups were combined using the
AND operator, while within the group, the terms were combined with the OR
operator. The search terms are listed below:

e Group 1: UWB, ultra-wideband,;

e  Group 2: IMU, inertial measurement unit, IMMU, inertial magnetic
measurement unit, MIMU, magnetic inertial measurement unit, inertial
sensors, INS, inertial navigation system, inertial motion capture,
accelerometer, gyroscope;

e Group 3: indoor positioning, position, indoor localization, localization,
tracking, navigation, indoor navigation, trajectory tracking, distance, motion
analysis, movement analysis, dynamic activity, ambulatory, posture, pose,
otrientation;

e  Group 4: sensor fusion, data fusion, filtering algorithm, fusion, filter,

Kalman filter, graph optimization, particle filter.

2.2.2  Study Selection

Followed by the initial search of the literature, the titles and abstracts of all the
articles found were screened for the inclusion and exclusion criteria. The articles

were included when they satisfied the following inclusion criteria:
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1. The journal article was published within the last decade, that is between the
years 2012 to 2023.

2. The research used the integrated UWB and MIMU sensors alone for
estimating positions.

3. The research included experimental validation of the position estimation
methods, which were validated against a standard reference system (vision-
based systems such as VICON or other means where the ground truth is
known).

4. 'The sensor system was applied for human movement tracking, analysis of
human movement, or human localization.

5. The data fusion was based on UWB ranging or position estimates that used
multiple sensor nodes instead of localization based on a single UWB sensor

that uses the reflected signals similar to radar.

The articles are excluded if:
1. They were not written in English.
2. Additional sensors were used in data fusion along with the UWB/MIMU
combination.
3. They were conference proceedings, abstracts, review articles, or letters to
editorial.
4. They were applied or used for non-human situations such as drones, robots,

etc.

The first two exclusion criteria were straightforward and were to align with this
review’s goal. The third exclusion criterion for excluding conference proceedings
was due to a significant overlap in the data fusion approaches with the journal
articles. In addition, these conference articles had limited experimental validation.
Therefore, this choice of exclusion ensures clarity and quality of this review. For the
fourth exclusion criterion, the focus is exclusively on human body situations, which
is to align with this review’s objective of assessing the applicability of the existing
literature for accurate 3D analysis of human movement. Also, there is a unique effect
on ranging accuracy due to on-body placement [76], and thus, this criterion for
exclusion also ensures a targeted exploration of methodologies relevant to the

intended use-case scenario. Full-text screening of all the shortlisted articles was
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performed to validate the inclusion and exclusion criteria and was then reviewed by

the researcher (VY).

2.2.3 Data Analysis

The included articles were analyzed in detail to extract information on the methods
and their accuracies and stabilities. The information extracted is summarized in
Section 2.3. Regarding the achieved accuracy in ranging, the main parameters
extracted were Mean Absolute Error (MAE) and Root Mean Square Error (RMSE),
along with minimum and maximum errors, if available. Reported Mean Square Error
(MSE) values were converted to RMSE for consistent reporting in the tables. Also,
if the RMSE and MAE values were reported for the individual axes, then the vector
norm of the errors in each axis is computed and also depicted in the table for better
comparison to other articles. For articles with the error values not explicitly
indicated, it was extracted from the error plots. To facilitate comparison of an

accuracy reported through MAE with one reported through RMSE, the reader may

use the following relationship: RMSE is equal to 4/ /2 times MAE, valid when the
errors may be assumed to be uniformly distributed [79], where //2 ~ 1.5.

2.3 Results

2.3.1 Search Results

The literature search resulted in the identification of 661 articles in total from all
three databases. The flow chart in Figure 2.1 highlights the results of each stage of
the reviewing process. The identification of duplicates, initial title/abstract
screening, and selection of articles were performed using the Rayyan web application
(Rayyan System Inc, Cambridge, MA, USA), an intelligent collaborative research tool
for literature reviews. The final included articles were then exported to the reference

manager software EndNote X8.2.

Out of the total 661 articles, the duplicates (283 records) were removed, resulting in
378 records for the initial screening stage. The initial screening stage was based on
the content of the title and abstract, which resulted in eliminating 318 articles based
on the inclusion/exclusion criteria. The articles excluded were based on varying

reasons which include: being non-journal articles (209 articles), being not
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applied/used for human movement (47 articles), using additional sensors along with
the UWB and MIMU used for the data fusion (28 articles), not using either UWB or
MIMU in data fusion (24 articles), being reviews/background paper (5 articles),
applying only single UWB sensor ranging based on reflected signals (3 articles), not
used for position estimation or localization (1 article), and written in another
language (1 article). The full text was extracted for the remaining 60 articles to

perform a full screening and assessment of eligibility.

Figure 2.1: Review process flow diagram and inclusion results.

With full-text screening, 23 articles were excluded due to lack of experimental
evaluation (4 articles), the full-text being unavailable (3 articles), UWB not being
used for data fusion (1 atticle), and for not being tested/validated on human subjects
or other applications (14 records). Finally, a total of 37 articles were included for
analysis in this review. A plot of the number of articles published over the years is
provided in Figure 2.2. For the year 2023, the number of articles is only based on
the first 5 weeks of the year.
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Figure 2.2: Number of relevant publications found per year.

2.3.2 Literature Overview of Integrated UWB/MIMU Sensor
System

A summary of all the major data that were extracted from the included records for
review is provided in Table 2.1. The extracted information includes the year of
publication, sensor specifications, the configuration of the sensors, placement of the
sensors on the body, the algorithm used for sensor fusion (method/approach),
update parameter used for the fusion, and information regarding sensor hardware
integration (separate units, physically attached, or integrated hardware platform).
Information that is unavailable or not specified by the articles is marked as “-” in the

table.

In the following subsections, the data fusion of the UWB and MIMU reported in
the reviewed articles is summarized. The data fusion of the two sensor systems in
the articles reviewed consists of a prediction phase where information from one of
the sensors is used to estimate the position, which is then followed by an update
phase where the information from the additional sensot/s is used to correct for the
errors in the estimation of position in the prediction phase. Therefore, the position
estimation methods in each of the sensor systems are first described along with their
configurations, and sensor placement strategies are described individually. Followed
by this, the combination strategy used by the articles for the sensor data fusion is
described. If additional improvements in the algorithm for NLOS dealing were

reported in the reviewed articles, they are also described.

31




Chapter 2

1991 pue ‘syueys

SUoEnE ASn LODISO S ‘Y3 3301 pUv IYSH Isrem s dalqns Sel 1 T SUoS 000L . L8] L102
poteny Apiehy - uonised A3 POPTISTD SU) UO XIS PUE ISTEA 9] O PIYIENY £C6 00t put JoupuY 4 LN X sowas asuasiun 10 F° a,uﬁaNau_aéN
211 UO JIuN U UOOX
'J99§ pUE ‘Syurys 1995 qpoq pue
‘sySryr 3391 puv 38 Sl ¢ 000L [89] L102 red
paydEne A[pISny  vomsod S Pasaiyy adnnyy U U0 XIS PUE ISTEA MMM»MM %uuuw_M:m 0t 001 put soupUy § Ims NAW suasX $9H9S SUISIUN) pue yopezyoleqry
913 UO U 9T B O PRy
payoene A[piSny  2ouwISI(] couM:ﬂHMM Mwﬂ\zv 0038 aoalqus 30055 30dlqns 01 0zl Bel, | puv SUISK VN les] s10z
. 4 comu&mom € WNWIXE]A! O 03 POHREHY 9t O3 pRTIY FORUY 01 Te 39 [OH Yo
199§
pue ‘syjueys ‘sydiyp [zs]
payoene I3 popease)) dais g sEEM s 309[qns Sex, 1 . 000L )
Ap1S 30N vonsed o pardnoo £psoo @w MM%%MWATM@@MM‘MMM 241 03 payENY ol 00t puE J0PUY § NS NAIW SU9sX SO1G ISUASI m,ﬂwﬂh MM_MMM%
51U UO JUN U
[18]
oyoene A[PIBry  UonIso opeosed doais-om, s golqus - aspa s aalqns L1 XA SUas 000L S10T ._Muw@ Uoox
P [PIR] HORISod - A PoP L oU3 03 PaydENy 93 O PAYPLNy o 0ot PUE JOPUY f LN S $9MAG ASUSIAN ~eyapezyoleyry
payoene g . sop[ue s 209[qns A el 1 Ewu 10T Te
A[pi313 10N UORISOd A poIanos Apsoor] o3 03 paydENy PUPAWPPH - v oie  00C PUE JOPUY f ) ) 19 STUD(T JISSNO X
“wrereq amMn NWIN
yeRERY arepdn) POWIIN UOREIZUT uonesoT NNIIN UOnedoT gMN Sguoo J0oSUSg NNIIN JOSUSS gA\() TFedX pue Joypny
Josuag amn OWIN/9MAN (sds) amn
ares arepd)

1AV PIMILNIL (IVI s&b&,\ PFIvAIXI UO1] NS&Q\ uz ,\‘Q Cvumun ST 191

32



ical Review

A Techn

Integrated UWB/MIMU Sensor System

payoene Apidny

TULUNﬁN
£pidm 30N

payoene
£piB 30N

payoene
£piB 30N

payoene
£piB 30N

payoene A[pidrg

payoene
£piB 10N

ﬁu&uwtw
A8 30N

uEISIq

uonsoJ

ouBISI(]

uonisoJ

uonIsoq

2ULISI(T

uonsoJ

duBISI(]

Ad

Jueq 393y Y140

g (1TH)
asuodsay asindwy aamur,]

PopUaAXY pajerdpo

vonezramdo ydein

Y AN % Ad 30
UONBUIqUIOD B :ZPOYIdJA

dd TPOYRPIN

d31d

dd

(I 21
GNENVH TBGDUWCD

puey ut pPH

1005 s 322lqns
o} 01 paydENy

1005 s 329lqns
a1 01 paydERy

1005 s 329lqns
243 01 paydERy

1005 s 329lqns
243 01 paydERy

puvy ut pPH

1005 s 329lqns
243 01 paydEIy

1097 s 399lqns o
JO ypoq 03 paydeny

puey Ut PPH

129[qns
oy Aq parsred
dmos spedspeq
© 01 paydeny

120(qns
o £q parsred
dmoas ypedsoeq
© 03 paydERy

peayq
U0 UIOM WY

93 01 paydELNy

pray

U0 UIOM JoWRY
a3 03 paydENy

puvy ut ppH

peay
Uo urom u@ﬂ.ﬂ@ﬂ

93 01 paydENy

Jopmoys
s 2o9lqns

93 O3 paydeny

01

0s

8¢l

8¢l

8¢l

ma.ﬁ 1
puesoypuy 1 (AT suoydy
3
TLL o oy
ue J0Y4d
’ PV E Sz Txaveov
ww.ﬁ 1
pue Joyduy § -
el 0S26NdIN

puesoppuy NN NINT-X

SeL, 1 0SZ6NdIN
pue ooy SN NNI-X

Sel 1 (ouoydhzews
PUE JOUIUY  PMeNH) ¢, LVIA

el 1
PUE JOYPUY §

Se1 1
pue JoydUy ¢

0001 [06] 6102

MA/000TIAH Te 32 Suep ‘vl

0001 l68l .
810 T¢ 32 Uyy ‘nxX
. [38]
810¢ 'Te 32 UL, ‘X
000TINANA [L8l
810 I'] pue Suep
0001 ) LLg] .
810 Te 32 Sue ]
uvoodgog o] .
810T Te 32 Sue TT
0001 Lol
L10T V] pue Suepy
(s8] 10T

Te 12 Sueny| ‘oY)

ponuuo)) :;1°7 1qYJ,

33



Chapter 2

1005 s 329[qns 1007 s 399[qns Ser, 1 I0SUDS SO JHTUT [L6] 0zoz

payovne A[pisny - vonsod d¥H Syl 01 POUdENY  OU3 03 PAYPENY ) " puejoyouy  oprunie [9x[ amn Te 30 ue], ‘Sueyy
arempiey _ ons 5 [o/]
poreaBoyur q 10058 goalqns 3003 s 3v9lqns ) ) vl | 9/] 0zoz
pue A[piSry HoRIse d3 SY3 03 PAaYIENY Y} 03 PAYIENY pue JoydUy ¢ 05coNdIN Q00TNAT ‘Te 10 Sueyy, ‘Sueyy,
pray
payoene S i 1005 s 322lqns Sel, | ) [9¢]
'a ADIH 2AREII U0 urom pwpy 1 001 0ST6NdIN .
Ap1Sm 10N OV PITIY  oy pue Joypuy / 6102 Te 32 1T “Suepy
SeT, 1 <ol
- uonisod ENE - puequippH © pursogpuyp  AI06AT - 6107 6 15 06 ¥
) SeL1  TE88SOWHS [¥6l 610z T3
) uomsod dMH ) B ¢ 00L puesoppuy cepeytaosenst PO sopuruio, enonog
fe1 [¢6] 6102
poyovne ApiBry  oueIsi(y ad pUYqUIpPH  puey ul ppH 05 pupsogouy ¢ NTPUOUE  000INT 1y 15 Sy “wery
poyoene 1005 s 299lqns uLHMM_WMWHS AR €86SONH:? [zel
fpBuson  onEed IMEALN AN pogoeny dmos soedspoeq " pueoyouy m&)womommxﬂ,wwi ) 6102 T 3 Uqy X
v or pooey OO IXAVY
129(qns
pprie (V) L Uewy 30035 adolqus DB Ad P Ser 1 . . [16]
AprSm 10N ISI aandepy 2apdIpaIg 243 01 paydEIy dugos ypedyoeq 00t puE J0UPUY § 6102 ¢ 30 UdYS ‘N
© 01 poyPEny
— A0 OWIN
RWYRENyY dn  POWRN uopeidanuy ______ -8guop
sosuag arepdn AWTIA/ g0 uoneso T NN UonesoT gMN (sd5) ann OIS AWIN J0SWdS A0 FwaX puv sopny
amn ares arepd)

‘ponuuo)) :;1°7 19,

34



ical Review

A Techn

Integrated UWB/MIMU Sensor System

SrEmpIEy
pareisorur
pue A[piSny

payoene %%_wg

payoene A[pisSng

payoene E@«ME

payoene A[pisng

payoene
Api8i 30N

paydene
A[prd 10N

ERlitatig

uonIsoq

2UBISI(]

NUBISIJ

NUBISIJ

2UBISI(]

uonIsoq

ERlitatifg

A3

A3

4310

£

dd

dd

Add

0y
AN passisst NAS

-Q'T) QUIYDEJA] F0109 \
170ddng-orenbg 1seo|

3y
MLIH-991, uoIsPa(]

JOp[noys s nuuw_ﬂ.Dw
23 03 PAYIERY

30055 303[qns
oy 03 PaYIENY

puey ur pPH

puey ur pPH

puey ur ppPH

100 s ,uoofsm
241 03 payoERy

1003 s g20lqns
93 03 paydEny

Jop[noys
S wuw_n_zw

oy3 03 paYdENY

j005 s 303lqns
oy 03 PaYIENY

puey ur pPY

puey ur pPY

puey vt ppPH

uuan—Dm
oy Aq parrred
dnios V—UNAEUNL
© 03 PoydLIY

uuufzw
oy 4q porred
dnos ypedsorq
0} paydeny

LS’

LS’

LS'C

00¢

0s

0s

0s

001

ey, 1 0T€8.ISI “Sey

PR € 2 0y

MN,H 1
puv JOUUY

MS 1
pue soypuy |
HAeSI'T
Sey, 1
PUE JOPUY ¢

el 1

pue 01Uy 7 NINT L duoyr

MN.H 1

pue joyduy ¢ NINI L 2uoydr

Sey, 1

pue JoUPUY ¢ NINT L duoyr

MN.H. 1
pue 101Uy §

ey, 1
PUE JOYIUY f

Z090TINDI 340

BUIY)) ‘032UIEIG

000TNANT

01¥vOSn[d

000ZXV
IN/000 TN

0001
MA/000TGAT

0001
MA/0001IAH

0001
MA/000TAH

[201] 020z
Te 9 MCNQN ‘ono)

L]
020T Te P X VO

[8.] 0zoz
‘e 30 Suey Suoyg

loo1] 0zoz
‘e 30 Sue ‘uer],

[101] 020z
‘Te 30 Suep vl

[001] 0zoz
‘e 30 Suep ‘uer],

[66]
020T Te P 1] ‘nxX

[86] 020z
Te 9 Apwyg 0y

panuuo)) \1°7 |qyJ,

35



Chapter 2

SV Pomatard aqz up parfioads jou vivp -

pauonuow pauonuow
‘ uonisog IS 10U BOREIO[ Apoq 10U UOREdO[ Apoq el 1 - 000100 l601] mmonm
-uQ ‘uom Apog  -u(Q ‘urom Lpog pue JogpRuy e 10 Sueyy ‘ary
. 10058 309[qns 3007 s 392[qns Ser, 1 VSN OSUaQUIAUT [801] zzoe
Api3 S £pos -
poydene ApiSy  voRIsod A Pa[dnos Apsoof oU1 01 paYPENY S 01 PAYREIY 0t 001 PUE J0UPUY b 0S09NdIN OT00TIAAA wry] put wesyeN
oolans €865DNHS
[ £ 3 ’
ey QuvISIA 431 paanqmsia 10038 o o 2 Do - - o PIN0T9SIX AV - . Lot .
A[p1dir 10N oy 03 payoeny  dmos yoedyeq pUE JOUPUY . . 1202 ¢ 3 087 ‘0
v ol O:C0TIXAV™V
payoEny
SR ApiSny souTst A J00§ s 329lqns 3003 s 399[qns . el 1 I — ) [o01]
P ATpret 'a oY) 01 paYdENY Y O PIYPENY 4 00 puE J0UPUY § 6 1202 V1 pue Suepy
159D 93 03 SO[D  1SAYD Y} O ISO[D . [c01]
paydene A[piSny - vonIsod I3 UOREIO[ JULISUOS  UOHEIO JULISUOS 9] 05  Lue aorﬁuw JOd6-NNIIH  0001XAA m‘oﬁ
¥ 3¢ puey Ul P[P J¢ PUBY UI PPH P PV Y 120¢ unid pue Wiy
orEMpIEY ( ( 5 o]
peISnur  ooups: sidnoo-Apugn (O3S A02Ans 100Fs Aviqns . . vL 1 000TA 701
pue A[piSry MR H O} O3 pYITRY 93 03 PAYdTHY pue oYUy ¥ 0S09NdIX A/000CXVIN 1Z0g Te 3 0r] ‘MY
polans €86SOIWNHS
payoene 1003 s 322[qns oy Aq parrFed el 1 b o R [co1] 1202
gpsmion  oosd 1Y YLIT oy 03 paydeny  dngas ypedyprq ¢ U pue soppuy m&@omommxﬂ.wwu.b oooraa & 1 fqewyg nx
© 01 poypEIY O:C0TIXAV™V
“weeg aMn NWIN
IRAITIY arepdn) PO uonvISauY uonedo T NI UONEdoT gMN Sguon JOSUdg NNIIN JOSUSS gA\( FedX pue Joyny
Josuag amn OWIN/ M0 ’ ’ amn

ares arepd)

ponuuo)) :;1°7 197,

36



Integrated UWB/MIMU Sensor System: A Technical Review

UWB Sensor System Configuration and Measurement

The most commonly used UWB sensor hardware system is the DW/M1000 OR
DMW1001 (DecaWave, Dublin, Ireland) [57,60,76,78,87,89,90,93,94,100-105,108-110],
which was used in 18 articles, while the Unisense series 7000 was used in 4 articles
(68,81,82,84]. The PlusOn 410 UWB [77], UWB Mini4sPlus [97], and BeSpoon [86]
were each used in one article. Twelve articles did not report on the UWB sensor that
was used in their study [80,83,85,88,91,92,95,96,98,99,106,107]. Detailed information on
the sensor systems used, along with their update rates, is provided in Table 2.1. UWB
sensors are henceforth referred to as ‘nodes’, and those used in these articles were
classified into two classes based on their functionality and named accordingly as
‘anchors’ and ‘tags’. UWB nodes are referred to as anchors when they are placed in
tixed known positions around the measurement region and typically form a frame
of reference for the position of the tags, while tags are the UWB nodes with an
unknown, dynamically changing, position that is worn by the subject [108].

Figure 2.3: Star UWB sensor system conﬁgumtzbn.

All the articles reviewed use a ‘star topology’ for the ranging operations (Figure 2.3).
In this topology, for each tag, the ranging operations only take place between this
individual tag and each anchor, while no ranging operations are performed between
tags or between anchors. The alternative ‘swarm topology’ (a topology in which

ranging is performed between all node pairs) is not used in any of the articles.
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The distances between all of the wearable tags and the fixed anchors were estimated
using a variation of the TWR scheme that utilizes the Time of Arrival (ToA)
information. The typical TWR scheme is described in detail in [111]. The resulting
distance estimates between the tags and anchors were then used to estimate the 2D
or 3D position of the tag by the method of trilateration or multilateration, or by an
optimization method minimizing least square position errors [112]. For both
methods, at least the (required) minimum of three anchors was used to locate each
tag in 2D space and at least the (required) minimum of four anchors was used to
locate a tag in 3D space [108]. However, in some of the reviewed articles the UWB
distance estimates were used as a direct input for their data fusion approach. For
these approaches, less than three anchors was enough as there is no need for

trilateration to compute positions.

Among the reviewed articles, the number of fixed anchors ranged from 1-10, where
the majority of the articles (32 articles) used 3-5 anchors. Two of the articles used
seven anchors [96] and ten anchors [83], respectively. Both the articles that used more
than five anchors stated that an increase in the number of anchors creates
redundancy in the number of ranging, thereby increasing the robustness against
situations of NLOS between one or more node pairs. In four articles, the number
of anchors was limited to two anchors [100,101] or one anchor [78,90]. These four
articles with fewer than three anchors, used only the distance estimates for data
fusion and did not estimate positions from UWB. The number of tags on the subject
for tracking the motion was always one, except for Zihajehzadeh et al., 2017 [68],
where three tags were used. In this article, the additional two UWB tags were used
for computing the facing direction (heading) of the subject’s body in the horizontal

plane, while only the third one was used for position estimation.

MIMU Sensor System Conﬁ guration and Measurement

A wide range of MIMUSs was used in the reviewed articles and the most commonly
used MIMU sensor hardwares are Xsens IMU (Xsens BV, Enschede, Netherlands)
[68,81-84], iPhone inbuilt IMU [90,93,100,101,110], and MPU9250/9150 (InvenSense
Inc, San Jose, CA, USA) [57,76,87,96,106], which were each used in five articles.
Custom-made MIMUs with individual sensors (accelerometer: ADXIL203,
gyroscope: ADXRS620, and magnetometer: HMC5983) [89,92,103,107] were used in
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four articles. Other MIMUs used were MPUG050 (InvenSense Inc, San Jose, CA,
USA) [104,108], EBIMU-9DOF [105], JY901B [95], and Starneto [77]. Also, two
articles had a custom-built IMU with sensors ICM20602 (Invensense,
USA)/IST8310 (iSentek Inc, Taipei, Taiwan) [102] and LSM330DLC
(STMicroelectronics, Geneva, Switzerland)/HMC58832 [94]. Two articles used an
IMU without a magnetometer, namely LIS3DH (STMicroelectronics, Geneva,
Switzerland) [78] and JY61 attitude sensor [97]. All of the MIMUs communicate
wirelessly or via a USB connection to a PC or a recorder carried by the subject. The
majority of the included articles used a single MIMU on the subject, except for four
articles that used more than one MIMU [68,84,85]. Eight articles did not report on
the MIMU sensor that was used in their study [60,80,85,88,91,98,99,109].

Two types of position estimation methods were utilized for the MIMU sensor
systems in the reviewed articles. The first method, namely the ‘direct strapdown
integration method’, estimates the MIMU node displacement relative to the start
position by double integration of its free acceleration signal transferred to a global
inertial reference frame. This transformation needs the estimated orientation of the
MIMU node. Articles in this review using this method did estimate these orientations
by data fusion of sensor acceleration, angular velocity, and magnetic field vector data
or by data fusion of only sensor acceleration and angular velocity. In addition, some
of the articles use the ZUPT algorithm and EKF for improving the position
estimates for the IMU placed on the foot, exploiting typical properties of the cyclical
movement of the feet in walking. This is illustrated in Figure 2.4, where the blocks
with solid lines apply to all, while the dotted lines are applicable for the ones that
were relying on the additional ZUPT algorithm and EKF.

The second method used was the Pedestrian Dead Reckoning (PDR) method, where
the algorithm detects the heel strike instants and then computes the amount of
displacement of the sensor node during each step (heel strike to heel strike) and the
direction of displacement separately. The position at the end of the step was then
estimated by adding the estimated displacement to the position estimate at the
beginning of the step in the estimated direction [85]. A schematic diagram of the
PDR algorithm is provided in Figure 2.4. It illustrates that the heel strike instant and
the step length were computed based on the acceleration of the sensor, while the

heading angle was estimated from either the MIMU orientation, the magnetometer,
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or through data fusion of all the combined information (as illustrated with dotted
lines in Figure 2.4). The reviewed articles that relied on the PDR algorithm for
estimating the position [85,86,90,94,95,100-102,104,105,110] using MIMUs had all
adapted the same basic algorithm or with minor improvements. Researchers who
are interested to know more details on the general PDR algorithm are referred to
(85].

Figure 2.4: Schematic of the MIMU position estimation algorithms applied; Direct strapdown
integration method (top) and traditional Pedestrian Dead Reckoning (PDR) algorithm
(bottom,).

Placement Location of the Sensors on the Body

In the reviewed articles, the UWB and MIMU sensors on the body were not always
integrated into a single sensor platform or placed physically tied to each other. The
UWB and MIMU were placed at different locations on the body for 15 articles
[57,60,80,82,85,87-89,91,92,96,98,99,103,107]. While for another 19 they were physically
tied to each other and thus placed at the same location [68,76-
78,81,83,84,86,90,93,97,100-102,104-106,108,110]. Among these nineteen articles, only
four articles [76,78,102,104] had the MIMU and UWB sensor hardware integrated
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into a single sensor platform with one central onboard microcontroller. The

placement data wete not available for three articles [78,94,109].

As previously mentioned in “UWB Sensor System Configuration and
Measurement”, only one UWB tag was placed on the body and was placed mainly
on the foot [76,77,83,97,104,106,108], ~on a  shoulder  backpack
(88,89,91,92,98,99,103,107], or held in hand steady with no swinging
[80,86,90,93,95,100,101,110]. Meanwhile, other articles had a placement on the waist
[81,82,84], on a head-worn helmet [57,60,87,96], on the shoulder [85,102], ot on the
chest/trunk [105]. Zihajehzadeh et al. 2017, [68] had three UWB sensors that were
placed on the waist and both feet. The mounting locations of the UWB sensors on

the body are illustrated in Figure 2.5 (left) with the number of corresponding records.

Figure 2.5: UWB sensor placement (left) and MIMU sensor placement (right) locations on the
human subject in the reviewed articles along with the number of corresponding articles for each
location.

For MIMU sensors, the most widely used placement location was the foot
[57,60,76,77,83,85,87-89,91,92,96-99,103,104,106-108] and it comprised 20 articles.
Among them, one article [85] had two sensors on both feet, while others had a single
MIMU on one of the feet. The other placement locations were ankles [80], waist [81],
shoulders [102], chest/trunk [105], or held in hand [86,90,93,100,101,110]. Three
articles [68,82,84] had a set of seven MIMUSs placed such that there was one on the
waist, and pairs of two on the upper legs, lower legs, and feet. These additional

MIMUs were used to estimate the body kinematics, such as angles and pose, in
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addition to the general body position estimation. For four atticles, no placement
information was available [78,94,95,109]. The placement locations of MIMUs on the
body for all the articles ate illustrated in Figure 2.5 (right).

Position Estimation Methods Combining UWB/MIMU Data

The key objective of the data fusion approach in the examined papers was to achieve
a better position estimate than what can be achieved with only MIMU-based
methods or only UWB-based methods by combining the strengths of both and, with
that, overcoming their weaknesses. The data fusion approaches used in the reviewed
articles can be widely classified as loosely coupled and tightly coupled approaches,
based on the way the data were used for the UWB/MIMU fusion. The loosely
coupled approach uses the raw time of UWB transmissions between the nodes
(distance estimates), while the tightly coupled approach uses the triangulated
position estimates of the UWB for the data fusion. All the algorithms/methods
identified are listed in Table 2.1, along with the update parameter which directly
indicates if it is a loosely or tightly coupled approach.

Summarizing the methods in the articles reviewed, the general data fusion pipeline
generally contained two stages, which were a data preprocessing and a data fusion
stage. Data preprocessing stages included activities like setting the start position, a
priori estimation of the error characteristics of the sensor output, and detection of
zero velocity instants. The data fusion stage had two phases. In the first phase
(prediction), the position of the sensor (in loosely coupled methods) or distances
between sensors (in tightly coupled methods) were estimated based on information
from one of the two sensors used in the experiment, using the algorithms described
in “UWB Sensor System Configuration and Measurement” or “MIMU Sensor
System Configuration and Measurement”. In the second phase (update), the
additional redundant information, here the second type of data, was merged with

the predicted / priori estimates to achieve a more accurate estimate.

All the articles reviewed except [93] used MIMU sensor information in the prediction
phase and UWB in the update phase, probably due to the typically higher sampling
rate of the MIMUs and since quantifying error characteristics was easier for UWB
data. The one paper that used UWB data in the prediction phase [93] used MIMU in
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the update phase only to get the relative orientation of the two ranging UWB. This
was subsequently used to correct the UWB ranging error previously characterized in
this article based on the orientation of the ranging operation. All the listed articles
with the direct strapdown integration method used that approach during their
prediction phase, while the articles listed under PDR utilized the PDR algorithm for
estimating positions in the prediction phase. In the update phase, articles listed under
the loosely coupled approach used positions as the UWB observation, while the ones

under the tightly coupled approach used distances as the UWB observation.

Figure 2.6: Distribution of data fusion methods for position estimation.

The reviewed papers most commonly used Kalman Filter (KF)- or Particle Filter
(PE)-based methods for data fusion (Figure 2.6). Almost 59% of the articles
reviewed utilized the KF-based data fusion methods [68,76-78,80-82,84-86,91,94-
97,102,104-109]. Among the Kalman Filter-based articles, thirteen articles used a
loosely coupled approach [68,76,77,80-82,84,94,95,97,105,108,109], while nine articles
used the tightly coupled approach [78,85,86,91,96,102,104,106,107]. All articles using
KF follow the general data fusion pipeline as mentioned above, which optimally
combines the position estimates from MIMU and UWB by calculating a weighted
average of the predicted state and the updated measurement considering their

uncertainties. The main variations seen among them are based on the use of multiple
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layers of KF namely the cascaded KF [68,81,82,84], or a different tuning approach of
the KF covariance or error parameters. The multiple layered or cascaded KF
consisted of independent KFs, where each KF was performing a data fusion for
estimating orientation, position, and heading, which were performed in order.
Additionally, some atticles use an EKF [78,80,86,94-97,104,106,108] or an Unscented
Kalman Filter (UKF) [78,85] for dealing with non-linear models.

Approximately 18% of the articles relied on the particle-filtering approach for the
fusion of the two systems [57,60,90,93,100,101,110]. Articles using the PF method
represent the position estimates from MIMU as a set of particles, except for [93],
which uses UWB distances (as described previously). These particles were
propagated using dynamic models based on the UWB update measurements and
their weights were updated based on their closeness to observations from UWB.
The particles were then converged by resampling the particles with higher weights.
The PF method is reported to be better in handling non-linear and non-Gaussian
systems in the reviewed articles. Among the PF-based articles, two articles used a
loosely coupled approach [57,60] while five articles used a tightly coupled approach
[90,93,100,101,110].

The Finite Impulse Response (FIR) filtering-based approach was utilized for
approximately 15% of the reviewed articles and they were all from the same author
or research group [88,89,92,98,99,103]. FIR filter-based approaches combine the
information from UWB and MIMU by convolving their measurements with specific
filter coefficients which are based on the sensor measurement characteristics. They
all exploit the temporal properties of the FIR filter. The FIR filters in the reviewed
articles either used Extended Finite Impulse Response (EFIR) filter [88,98,103] or
Unbiased Finite Impulse Response (UFIR) filter [89,92,99] based approaches. Where
the EFIR method mitigates the errors by assigning appropriate weights to the
measurements from both sensors, the UFIR considers the characteristics of both

the sensors and constructs multiple FIR filters that effectively eliminate the errors.

Three other methods were also found, namely graph optimization-based fusion [87],
Maximum a Posteriori (MAP) estimation algorithm [83], and a combination filter
with KF and PF [57]. The graph optimization approach represents the sensor

measurements and their relations as a graph. In the reviewed article using graph
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optimization [87], the UWB anchors are represented as vertexes of the graph and the
information from UWB and MIMU measurements are used to represent the
constraints on each vertex. An optimization is performed on this graph minimizing
the cost function. Finally, this method determines the confidence level for both the
sensor observations based on the optimization results and the combined
measurement errors. In the article on the MAP algorithm [83], both sensors provide
a likelihood function that informs how likely the target states are given and is used
to model the measurement model. The MAP algorithm finds the state that
maximizes the probability of the posterior by performing an optimization that
considers the sensor measurement model and prior information. The combined KF
and PF filter approach article [57] uses an EKF for estimating position from MIMU

and then used these position estimates for a PF approach.

Non-Line of Sight (NLOS) Mitigation Strategies

In the reviewed articles, 14 articles [77,86,93-97,102,104-106,108-110] had some NLOS
mitigation strategies in their algorithm. In all articles, the NLOS mitigation strategy
first involved the identification of the NLOS situation, followed by the NLOS error
elimination. The NLOS identification methods used can be mainly classified into
two types. The first class of detection methods was based on communication
channel charactetistics [94,102,104,105,109,110]. Here, all of the methods relied on the
fact that the Received Signal Strength (RSS) of the multi-path is smaller than the RSS
of the direct path. The articles using this principle then used a threshold for this
difference between the two RSS to classify the measurement as LOS or NLOS
except for [109], which used a state vector machine for classification based on the

channel characteristic information.

The second class of methods for detecting NLOS situations was based on the
ranging estimation inconsistencies [86,95-97,106,108]. Here, the ranging estimations
were used to either obtain the Mahalanobis distance for estimating outliers [86,96],
the likelihood ratio test [95,97], or residual errors between the ranging estimate and
MIMU estimates for each instance to identify outliers or NLOS [106,108]. In addition
to the two methods mentioned above, two articles used different approaches, where
one of them [77] used distance estimates from the anchors only in front of the
subject carrying the sensor with LOS. Meanwhile, the other [93] used MIMU to find

45




Chapter 2

the orientation of the UWB tag to anchor and used a predefined error model based
on the facing orientation between the tag and anchor. The NLOS error elimination
in all these identified articles was performed by adjusting the error covariances for
the data fusion update, except for four articles [77,94,105,109]. For these articles, the
error elimination was performed by dismissing the updates that were detected to be
acquired under NLOS.

2.3.3 Accuracy and Stability of Position Estimates

The position estimation errors are mostly reported as either mean (absolute) error
MAE or RMSE, sometimes along with additional information like minimum error,
maximum error, and error standard deviations. Some articles only provided error
graphs (showing RMSE, MAE, or a cumulative error distribution function graph).
Two articles reported the errors in MSE, which were converted to RMSE before
listing them in Table 2.2. Among the articles reviewed, the smallest position
estimation error based on MAE error was 0.04 m [81] and 0.076 m [76], respectively,
while for RMSE the lowest reported position estimation error was 0.048 m [83],
0.066 m [68] and 0.068 m [82], respectively. Apart from this, the majority of reported
errors were in the range between 0.1 m to 0.8 m, while four articles reported errors

above 1 m of up to almost 2.5 m.

Most of the position estimation errors for the KF based-method were within 40 cm
(nine out of seventeen articles) except for six articles [80,86,95,96,106,107] that had
errors between 40 cm and 75 cm, and one article with errors as high as 2 m [94]. For
the PF-based approach, only one atticle had an error below 15 cm which is 0.12/0.16
m [93]. For all the other PF-based articles, the errors were larger than 50 cm. The
FIR-based articles had errors above 0.20 m and up to 0.78 m. For the graph
optimization and combined KF/PF methods, the accuracies were above 0.4 m and
above 0.5 m, respectively. Very few articles reported error standard deviation (SD).
An overview of the position estimation accuracy along with the experiment details
for all the reviewed articles is provided in Table 2.2. The reader may compare RMSE
and MAE values under the assumption of a normally distributed error using their

statistical relationship as explained in the Section 2.2 (RMSE = ~1.5 times MAE).
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2.4 Discussion

2.4.1 General

Examining the number of records published over time, it appears that since 2014,
there has been an upward trend in the number of publications fulfilling the search
criteria for this study until the year 2020, with the years 2021 and 2022 being a major
exception, and this result is possibly pandemic-related. However, there were still
conference publications in these two years indicating that further research into this

topic is happening that could still result in more publications in the near future.

This review’s main goal is to identify the possibilities and limitations of methods
integrating UWB and MIMU sensor systems to provide accurate position estimates.
To achieve this, four objectives were formulated in the Introduction. They were
satisfied as follows: A summary of the cutrent state-of-the-art UWB/MIMU
integrated sensing for position estimation is provided along with a detailed
description in Section 2.3 of this paper, addressing objectives 1 and 2 (Section 2.3.2).
Also, the achieved accuracies and stabilities reported in the reviewed articles were
extracted and summarized addressing objective 3 (Section 2.3.3). This Discussion
addresses the strengths and limitations of these methods in the context of the

application of 3D analysis of human movement, addressing objective 4.

2.4.2 Position Estimation Accuracy and Stability

Among the reviewed articles, 20 articles (54%) have validated their position
estimation accuracy only in clear LOS situations, while 12 articles (32%) validated
their position estimation accuracy in a combination of LOS/NLOS situations. Only
five articles (14%) validated their position estimation accuracies in both LOS and
NLOS situations separately. In LOS situations, only approximately seven articles
(19%) of the total reviewed articles report errors of approximately 10 cm or less than
10 cm (Table 2). This is also only 26% of all the articles validated in the LOS
situation. The highest accuracy results reported were an average position estimation
error of 0.04 m in 2D position estimation [81] and an error of 0.048 m in 3D position
estimation [83]. In addition to this, only two articles [68,82] reported 3D position
estimate errors close to 0.05 m and less than 0.07 m, respectively. These four articles

with the highest accuracies were all published between the years 2015 and the end
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of 2017. Apart from these, only three articles reported errors of approximately 0.1
m or less than 0.1 m, of which one was for 3D position estimate [84] while the other
two were for 2D position estimates [76,109]. All other atticles validated in LOS had
errors higher than 0.13 m.

Amidst the seven articles reporting high accuracy, four articles were from the same
author or research group (Zihajehzadeh et al.), who used information from an
additional biomechanical model in their data fusion for the MIMUs alone, which
could have helped in achieving better accuracy. The position error of article [83],
with the lowest RMSE of 0.048 m, as well as the articles [49,62], was based on the
validations in a slow activity with a very short measurement duration (i.c., 24 s and
10 s, respectively). How this method performs in longer recordings of more dynamic
movements is not reported. Another author, Yoon et al., expressed doubts about

the stability of these methods over longer periods [84].

The comparison of the results of the articles that validated the position estimation
in NLOS situations is difficult since these errors very much depend on the type and
dimensions of the obstruction, while these details are mostly unavailable in the
articles reviewed. In general NLOS conditions, there is always an increased ranging
estimate error that deteriorates the subsequent position estimation. None of the
articles in NLOS had errors less than 10 cm. The highest accuracy reported in their
specific NLOS situation was 0.128 m [109], 0.157 m [102], and 0.12/0.16 m (two
different paths) [93], while all the other articles reported errors higher than 0.20 m
for their own specific NLOS situations. Also, for article [109], the test duration was
much shorter (approximately 10 s), which generates doubts about performance over
a longer duration. Overall, the reported accuracies of the NLOS position estimate
were widely varying, which is expected due to the varying NLOS conditions. Very
little information was gathered from the reviewed studies on specific effects of
NLOS situations as all obstructions were either environmental objects like pillars,
etc., or bodies of accidental passers-by in a corridor experiment. Only one study
tried to calibrate for NLOS errors [93] based on the assumption that there is a fixed
relationship between pose and error. This suggests a model for calibrating the

structural component (systematic errors) of the NLOS-related error.
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As systematic error components could possibly be mitigated by some sort of
calibration method, it is important to distinguish between random and systematic
components in the estimation errors. None of the other articles indicate the
systematic or random components for the reported errors. All authors reported
accuracies in terms of estimation errors, either expressed in RMSE or MAE. Only
cight articles reported the estimation error standard deviation, representing the
random component in the estimation error [60,82,93,96,97,101,106,110]. Still, the value
of the systematic component (bias) in the estimation error is not clear in any of these
articles, as the average of the position errors was not explicitly mentioned. Also, it
cannot be derived easily from reported RMSE and SD values, which is the average

errot, as in all cases there seem to be both positive and negative error values.

For the successful application of this technology in the 3D analysis of human
movement, the key criterion is the level of confidence that clinicians can have in this
system. This level of confidence or trustworthiness can be related to the validity and
reliability of the sensor system [113]. The validity can be linked to the accuracy of
the system. Meanwhile, the capability of the UWB/MIMU data fusion estimation
methods to maintain the reported accuracy over longer recordings (consistency) can
be related to the reliability of the system. From the observations of the reviewed
articles, it can be concluded that the accuracy achieved so far is not close enough to
the required targeted value of approximately 1 cm as stated in the Introduction
(Section 2.1). Therefore, further improvements in accuracy are required for this
integrated system to be useful for 3D analysis of human movement. The reliability
parameter is supposed to be one of the major possible improvements of the
integrated UWB/MIMU sensor system over MIMU-based methods. However, this
accuracy over prolonged recordings (reliability) is not addressed or reported in any

of the articles reviewed.

2.4.3 Effect on Position Estimation Accuracy Based on Sensor

Configuration and Sensor Placement
Based on the sensor’s physical hardware integration, the situation with both the
UWB and MIMU physically integrated into single hardware is called the ‘Integrated

Hardware’ (IH) sensor, while when they were separate hardware systems it is called

the ‘Non-integrated Hardware’ (NIH) sensor for this paper. The reviewed papers
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that use IH sensors in general report lower errors than 20 cm except for [104].
Among the articles using NIH sensors, the articles that used physically tied NIH
sensors (placed in the same location with the two sensor systems synchronized) had
more number of articles with position estimation errors lower than 20 cm (6 out of
15). Meanwhile, only two out of fifteen articles that used NIH sensors that are not
physically tied to each other had errors lower than 20cm. Although there are some
exceptions, it seems that with IH sensors, it is easier to achieve a higher accuracy,
probably because their physical integration ties them together to a single location,
which makes them experience the same kinematics and facilitates tightly

synchronized data acquisition.

The number of anchors has a notable influence on the accuracy of UWB-based
position estimation, which is shown by varying the number of anchors in a few
studies [96,106]. Specifically, increasing the number of anchors generally improves
localization performance, particularly under non-line-of-sight (NLOS) conditions,
by enhancing geometric coverage and providing measurement redundancy. Most
reviewed studies used 3 to 5 anchors, which seems sufficient for reliable 3D position
estimation. Studies employing a larger number of anchors (27) reported improved
accuracy, whereas configurations with fewer than three anchors exhibited reduced
accuracy. However, while a higher number of anchors can increase accuracy and
enable optimization-based estimation techniques, it also requires a more complex
and costly infrastructure [114]. Furthermore, some studies have reported that an
excessive number of anchors can introduce additional measurement noise and
uncertainties, potentially leading to estimation instability [115,116]. The number of
tags was mostly limited to one as the application scenarios in the reviewed articles

were for pedestrian localization or tracking.

Examining the accuracy as a function of the placement of the sensor on the body,
the lowest errors were reported when using waist-mounted attachments, for which
all four articles reported errors of less than 11 cm. Followed by this, the two articles
with shoulder placement reported errors of less than 16 cm. Among the more widely
used locations (feet, shoulder bag, and hand), the feet had the highest accuracy with

errors lower than 30 cm for most of the articles, i.e., four out of seven articles.
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Only one article mentioned the possibility of an effect on the estimation accuracy of
the sensor location on the body in its discussion [76]. No article reported on the
effects on estimation accuracy caused by placement in different locations on the
body. Outside the selected articles for this review, two articles by Otim et al. [71,72]
studied the effect of the placement of a UWB sensor (without MIMUS) in multiple
different locations on-body. These studies consist of UWB anchors placed around
the test area (13 m X 6 m) and the UWB tags on different locations on the body.
The distances measured are between the anchor and each tag on the body, while the
positions of each tag on the body were estimated based on trilateration. In these two
articles, they have studied the accuracies of the ranging and position for the
following on-body locations namely forehead, hand, ankle, wrist, thigh, arm, and
chest. From this study, the forehead is identified to be the location with the highest
accuracy with average position errors of approximately 0.2 m and the chest is the
location with worst accuracy with average position errors of approximately 2.46 m.
The other locations between the forehead and chest in the descending order of

accuracy were hands, ankle, wrist, thigh, and arm.

Direct comparison between these studies on locations [117,118] and the reviewed
articles is not possible as the reviewed articles are the results of data fusion between
the UWB and MIMU while the study of locations was performed only using the
UWB sensors. However, if compared against the reviewed articles, assuming that
the errors of UWDB stay even after data fusion, the feet-mounted sensors had errors
closer to the ankle-mounted situation and also for the hand-mounted situation it
seems to be close enough. However, for the chest, in contrast to the findings of
[117,118], the accuracy in reviewed articles was much lower and in the range between
0.23 m to 0.55 m.

2.4.4 Effect on Position Estimation Accuracy Based on the Data
Fusion Algorithm/Methods

Out of the two data fusion approaches reported, the loosely coupled data fusion
approach is claimed to be easier in implementation with less required computation
time [80,81], and is used by approximately 49% of the articles reviewed and
approximately 51% used the tightly coupled method. Loosely coupled approaches

are stated to be susceptible to errors due to loss of information during the estimation
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of position from the measured UWB distances. The data fusion algorithm then has
only these position estimates available in the update and possibly misses out on
details that were present in the underlying UWB-based distance estimates. The
tightly coupled approach is claimed to be beneficial over the loosely coupled
approach since they utilize unprocessed distance estimates from the UWB for the
data fusion algorithm [83]. However, of the seven articles reporting the highest
accuracy, all except [83] used the loosely coupled approach. Also, analyzing the entire
set of articles, similar accuracies are reported for both approaches. So, no evidence
was found in the papers reviewed for the claims of possible higher achievable
accuracy when using tightly coupled approaches. This suggests that, based on currently
published results, there indeed is no performance advantage of the tightly coupled
approach, and therefore the loosely coupled approach seems preferable as it bas the

advantage of easier implementation and a lower computational cost.

All seven articles with the highest reported accuracy used the KF-based method
except [83], which used the MAP estimation algorithm (also the only article to use
that method in very limited conditions). Other methods performed less well than
the best six KF-based methods, which were also applied in more than 50% of the
articles, so based on this review, KF appears most frequently and performs well under the

reported conditions, thereby it appears to be the best candidate for achieving the bigh

accuracy required for the analysis of human movement.

All three articles [93,102,109] that reported the highest accuracies in NLOS
conditions have used some form of explicit NLOS mitigation method in their
algorithm. For the NLOS detection algorithm, both the methods based on
communication channel characteristics and based on the ranging estimation
inconsistencies are seen to be equally efficient in recognizing or identifying the
NLOS situations. However, for the NLOS error-elimination methods, it is difficult
to identify which error-elimination method is the best between the covariance-
adjustment method and the method dismissing the NLOS updates. This is mainly
attributed to the inconsistency in the accuracies reported for these methods, that is,

both methods performed better in a few articles while having a lower accuracy in

others. Among the two methods for mitigating the NLOS error, the covariance
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adaptation method seems to be a better strategy since it does not discard all the updates

under NLOS conditions.

2.4.5 General Recommendations

For integrated UWB/MIMU position estimation to be valuable for 3D analysis of
human movement, achieving a high enough structural accuracy is the most
important prerequisite. However, none of the studies reviewed reported an accuracy
below, or close to, the targeted value of approximately 1 cm. Also, none of the
studies explicitly reports the actual magnitude of systematic and random
components in the errors. This is important as for both types of error components
possible opportunities for improvement are very different in nature (e.g., systematic
components might be improved upon by improved calibration procedures and
random components might be improved upon by increased redundancy in the
number of ranging paths). Also, very little is reported about the stability of
performance over longer recordings, which is important to understand their possible
scope of application, especially as the main source of error in MIMU-only
applications lies in time-variant integration drift errors, of which the magnitude is
even depending on speed and type of movement performed. Therefore, future
studies should separately examine and report systematic and random etrors, both as
a function of recording duration and studied in all relevant movement scenarios.
Also, none of the papers reported on the stability of the ranging accuracy over longer

recordings and this should be further investigated.

The accuracy of the data fusion benefits from improved accuracy of UWB ranging,
as the UWB-based distance estimates (or the derived position estimates) are serving
as absolute time-invatiant updates for the UWB/MIMU data fusion. Therefore, any
further improvement of the UWB ranging estimates themselves will be beneficial
for any future UWB/MIMU data fusion application. Most studies reviewed used the
same UWB sensors from the same manufacturer ‘as is’. There was no mention of
developing or performing custom calibration procedures to optimize the ranging
performance of the UWB sensors used. As no, or very little, attention to these details
is reported, it is not clear whether the optimal ranging performance is already
achieved in any of the methods presented. This suggests that possibly UWB ranging

performance improvement can be achieved by further investigation and optimizing
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the ranging estimate methods themselves including their calibration methods. As
NLOS situations would typically occur frequently in any 3D analysis of human
movement application also studying their effects on ranging accuracy and ways of

mitigation seems relevant.

2.5 Conclusions

This review provides a comprehensive analysis of the methods combining data from
UWB and MIMU sensors mounted on a human subject for estimation of position.
None of the articles reviewed reported an accuracy close to the desired 1 cm, which
was stated to be required for successful application in the 3D analysis of human
movement. The highest accuracies achieved in the LOS situation were reported in
two articles to have an MAE of 0.04 m and an RMSE of 0.048 m, respectively, and
both were achieved in rather limited conditions. All other articles reviewed reported
substantially larger errors. The papers reviewed provided very little information on
how large the contributions of systematic and random components are to the
estimation errors. This severely limits the possibilities of identifying possible
opportunities for achieving the accuracies required for applications in the 3D
analysis of human movement. For the different NLOS situations, the lowest errors
reported were found to be approximately 0.12 m for both MAE and RMSE. NLOS
conditions were clearly influencing the UWB ranging estimation performance. Still,
reviewed articles revealed very little information on the nature and predictability of
the extra errors of NLOS situations, which are especially relevant for application in
the analysis of human movement. The effect of the mere presence of the human
body on the accuracy of the position estimates is not reported or addressed, though
some studies suggested there is a possible effect. This indicates a need for addressing
the effect of these error sources in future research. Overall, this technical review
intends to be a comprehensive resource offering insights into the current
advancements and prospects of integrating UWB and MIMU sensors for accurate
position estimation, especially for applications in the field of 3D analysis of human

movement.

60



Integrated UWB/MIMU Sensor System: A Technical Review

61









Chapter 3

Abstract

Integrated Ultrawideband (UWB) and Magnetic Inertial Measurement Unit (MIMU)
sensors ate becoming popular for indoor localization applications, as a higher
accuracy can be achieved than with just MIMU sensors. These integrated sensors
could extend stability and accuracy in the field of 3D analysis of human movement
(3D AHM) if they can deliver position estimates with an accuracy close to 1 cm.
Achieving this high accuracy of 1 c¢m remains challenging, with most studies
reporting position estimation errors around 5 cm, often due to Non-Line of Sight
(NLOS) conditions and systematic UWB sensor distance estimation errors. Studying
the distance error characteristic of UWB in situations of 3D AHM is essential to deal
with these errors. While research on UWB distance errors in Line of Sight (LOS)
and NLOS situations exists, few studies focus on the NLOS errors caused by the
human body and were not in the relevant scenarios of 3D AHM. Therefore, this
article examines UWB sensor performance and distance error characteristics in LOS
and NLOS situations typical for the 3D AHM. Both the LOS and NLOS situations
were studied in the typical 3D AHM distance range of 0.2 m to 2 m. The NLOS
situations were studied first with a human subject as the NLOS causing object and
then with simulated human body segments (PVC pipes filled with water) of varying
diameters. In LOS situations, consistent systematic bias errors were observed, along
with incidental errors at specific positions in the room. In NLOS scenarios caused
by the human and simulated body segments, a consistent and reproducible
overestimation of distances was found. The reproducibility of these errors based on
relative node and object positions suggests that systematic mitigation methods could
significantly reduce errors, enabling more accurate and reproducible 3D human

movement analysis.
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3.1 Introduction

Integrated Ultrawideband (UWB) and Magnetic Inertial Measurement Unit (MIMU)
sensors have become popular in the estimation of accurate positions for localization
and pedestrian navigation applications. This is mainly due to their complementary
error characteristics, which can be exploited in data fusion approaches to achieve
better accuracy than from the use of these sensors independently [65,78]. Specifically,
kinematics estimation algorithms driven by MIMU sensor data are affected by
integration drift errors [42,43] for both position and orientation estimates, but are
not affected by Non-Line of Sight (NLOS) situations. While the UWB sensors are
capable of delivering drift-free position estimates driven by absolute distance
measurements, they are strongly affected by NLOS situations [57,65]. The UWB
technology stabilizes the integration drift in position estimation, which typically
occurs in solutions using only MIMUs, by offering directly measured distance or
(relative) position updates to a data fusion-based estimator. Additionally, UWB
technology is a cost-effective solution that operates across a wide frequency
spectrum (3.1 GHz to 10.6 GHz) and offers significantly higher accuracy in indoor
positioning compared to other wireless systems like Bluetooth, LIDAR, and GPS
[119,120]. To achieve good UWB/MIMU data fusion results, the UWB distance
estimates have to possess very low or no systematic errors. Therefore, the accuracy
with which the UWB system can deliver these updates is very relevant to the

accuracy that can be achieved by the data fusion-based position estimator.

The integrated UWB/MIMU sensor systems could bring a great improvement to
the ambulatory 3D analysis of human movement (3D AHM) if they can achieve
accuracies in position estimation similar to the vision-based measurement systems
such as Vicon [119]. This is attributed to the fact that the vision-based measurement
system is considered to be the ‘gold standard’ and is deemed clinically relevant for
3D AHM, with position estimation errors less than 1 cm [46,71]. Therefore, a
systematic error of 1 cm or less in position estimation is targeted. However, the
smallest errors in position estimation reported so far by these integrated
UWB/MIMU sensor systems are around 4 cm [81,83], which is not sufficient for the
3D AHM application. Also, these were achieved in most ideal conditions, i.e., in
clear Line of Sight (LOS) situations [119]. For the NLOS situation (a typical 3D
AHM situation), almost all studies on the integrated UWB/MIMU sensors reported
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position estimate etrors greater than 10 cm [119,121,122]. Most of these studies
indicate that the high errors in the UWB distance estimates as the main cause for
these position estimate errors in UWB/MIMU data fusion [119]. This again suggests
that improvement of the UWB distance estimates could potentially improve the
accuracy of position estimation through UWB/MIMU data fusion to accuracies
required in 3D AHM applications.

UWB systems are reported to deliver distance estimates with sub-centimeter-level
accuracy in ideal controlled environments such as an anechoic chamber [108,120].
However, in real-life applications, this high accuracy can only be achieved in LOS
situations, like in unobstructed free (outdoor) space [123]. In indoor environments,
the accuracy of UWB typically tends to drop significantly because of the presence of
complex varying obstacles such as furniture, human bodies, and building
infrastructure (walls, floors, furniture, and pillars) that disturb the UWB ranging
accuracy by causing NLOS situations and additional disturbances by reflections
[124]. For application in 3D AHM, multiple UWB nodes would be mounted on the
human skin or body surface, which would perform distance-ranging measurements
between each other and sometimes also with external sensor nodes. In this
application, NLOS situations caused by human body segments will occur regulatly
[120]. As a result, overestimation of distances would occur to an extent that suggests

that the distance of the shortest pathway around the obstruction is measured [125].

There are multiple research on the mitigation of errors occurring due to NLOS
situations and atre all described in these comprehensive review articles [126,127).
However, only a limited number of research among them are aimed towards
mitigating the effects of NLOS caused by human body [93,120,128-133], a typical
NLOS situation of 3D AHM application. The lowest position estimation errors after
utilizing these mitigation strategies were reported to be around 12cm [93], with all
other methods higher than 20cm and these are still not suitable for the application
of 3D AHM. A comprehensive study of UWB distance estimation error
characteristics and behaviour in scenarios specific to 3D AHM is crucial for
advancing research on developing targeted mitigation strategies tailored to this

application.
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The typical 3D AHM application scenario consists of distance measurements
between on-body UWB sensor nodes and possibly a few external UWB nodes, all
within the distance range of 0.2 m to 1.8 m. Besides, all the NLOS-induced errors
are caused by human body segments being present either between on-body nodes
or between an on-body and an external node. The UWB distance or ranging error
characteristics found in the literature are mostly reported for LOS situations and
NLOS situations caused by infrastructures in the measurement environment [127].
There are no studies on LOS situations within short distance ranges relevant to 3D
AHM scenarios and only a few studies report on NLOS effects caused by human
body segments [93,123,133-136]. All these reported studies on NLOS effects caused
by human body, examined situations with the inter-node distances being 1 m or
(much) larger, while typical 3D AHM situations would have distances around 1.5 m
and smaller. Also, all of these reports only considered scenarios with a human subject
present in between two ranging nodes at some distance, while this was not studied
for two or more on-body sensors. The study by Jie et al. [123] and Tian et al. [93]
were the only reported NLOS experiments among the identified literature that
measured the distance between a single on-body sensor node and one fixed anchor

node at some distance.

To the best of the authors’ knowledge, there are no studies that study the errors of
UWB in short ranges relevant for 3D AHM scenarios in both the LOS and for
NLOS due to human intetference, as well as no studies on errors in distance between
on-body sensors. Also, there is very limited research and information on the
behavior of UWB sensors in NLOS situations caused by the human body.
Therefore, this article aims to study the UWB distance estimation performance and
error characteristics under conditions typically occurring in the 3D AHM
application, with the purpose of identifying the possibilities to maximize future
mitigation of these errors in the intended application. The novelty introduced by this
article lies in the examination of specific conditions for 3D AHM that have not been

previously explored:

1. Distance errors in LOS situations for short ranges (0.2 m and 1.8 m)
relevant to 3D AHM.
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2. Distance errors in NLOS situations caused by the human body, both when
both UWB sensors are on the body and when one sensor is on the body
with the other off the body.

3. Distance errors in NLOS situations caused by varying thicknesses of the
human body, achieved using simulated human body segments of different

diameters, all within the distance ranges relevant to 3D AHM.

The remainder of the article is organized as follows: Section 3.2 outlines the detailed
methodology for error characterization, including a description of the UWB
measurement system used in this study and the experimental setup. Further,
describes the experimental scenarios designed for error characterization. Section 3.3
presents the observed error characteristics across the various tested scenarios.
Finally, Section 3.4 offers an in-depth discussion of the observed error
characteristics and analyzes their implications for the intended application of 3D
AHM.

3.2 Methods

3.2.1 UWB measurement system

The UWB sensors or measurement system used in this research was a customized
fully integrated UWB/MIMU sensor hardware platform developed in-house, named
UMIMU” sensor system (Ultra-wideband Magnetic Inertial Measurement Unit
sensor system; Figure 3.1(a)). The UMIMU sensors included a UWB transceiver
module DWM1000 (Qotvo Inc., Greensboro, USA) combined with a 9-axis MTi-3
MIMU (Xsens Technologies, Enschede, Netherlands). The DWM1000 UWB
module used in this paper was operated in channel 2 with a center frequency of 3.9
GHz (bandwidth of 3.7 GHz to 4.2 GHz), utilizes Binary Phase Modulation (BPM)
combined with Binary Phase Shift Keying (BPSK) for signal modulation and
supports a theoretical range of up to 300 m. An STM32F722R microcontroller
(STMicroelectronics, Geneva, Switzerland) controlled the node configurations, the
node role attribution and the effective swarm topology and ranging in a round-robin
scheme optimized for minimal (and known) time between individual ranging actions
between node pairs within each update. Additionally, it also controlled the data
transport of UWB distance measures as well as the full 3D MIMU kinematics data
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from UMIMU nodes to the PC. All UMIMU nodes were identical in hardware
configuration and were calibrated for antenna delay following manufacturer
specifications, ensuring that any hardware-induced bias remained consistent across
all measurements. The UMIMU was also equipped with a USB port for charging,

configuration, and data communication.

Figure 3.1: (a) UMIMU sensor hardware; (b) Typical UMIMU sensor system configuration with
swarm topology and their functioning.

This paper examines the performance of the UWB sensors in the UMIMU modules
under (N)LOS situations. Therefore, for reasons of readability, in the rest of the
paper we refer to the UWB sensors in the UMIMU modules simply as ‘UWB nodes’.
The UWB nodes estimate the distance between two ranging nodes by the Alternative
Double-Sided-Two-Way Ranging (AItDS-TWR) method as described in Neirynck
et al,, 2016 [137]. Also, all the UWB nodes used in this study were (re-)calibrated for
the antenna delay settings to minimize ranging errors as per the manufacturer’s
manual [138]. The UWB data were recorded at an update rate of 27.73 or 36 samples
per second for a set of 3 or 2 ranging UWB nodes in the network, respectively. The
data of the MIMU sensors in the UMIMUs was recorded, but was only used to
synchronize the UWB ranging data with the data of the vision-based reference
system. The MIMUs delivered 100 samples per second, comprising 3D orientation,

acceleration, and angular velocity.

The UMIMU sensors were specifically developed for the intended use in a typical
3D AHM application with only on-body UMIMUs in a swarm topology. In this
topology, ranging operations are performed between all possible UWB node pairs
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in the swarm. The physical configuration of the UWB sensor system comprises three
or more nodes (which are all physically the same), of which one node assumes the
role of ‘controller node” and the remaining nodes assume roles of ranging initiator
or ranging responder (Figure 3.1 (b)). The controller node always remains connected
to a PC via a USB connection and is used to configure and control the node roles,
ranging operation, and collecting all the distance estimates between the ranging
UWB nodes for the PC. Also, the MIMU data is transported from all ranging nodes
through the controller node to the PC, where it is stored along with the ranging data

for further processing (in this case, only for synchronization purposes).

3.2.2 Distance estimation error definition

The true distance between two ranging UWB nodes (sensor i and j) is defined as
Dirye i,j and the estimated distance between the ranging UWB nodes is defined as
Dywp i,j- The distance estimation error Depporj is defined as the difference

between the estimated distance and the true distance:

Derror ij = Dywp ij — Dirye i,j 3.1

3.2.3 Error characterization experiment setup

The true distance between the UWB nodes, Dypye i j Was estimated using a vision-
based motion analysis system (Vicon Motion Systems Ltd, Oxford, UK), which for
this study is regarded as ‘gold-standard’, as this system is capable of sub-centimetre
level accuracy in estimating marker positions and distances (Figure 3.2 (a)). The
UWB node position was defined as being located at the centre of the physical UWB
antenna. As placing a physical reflective marker on the UWB antenna would very
likely influence the ranging process, each UWB nodes were placed on a sensor-
holding rig with 3 Vicon markers attached at some fixed distances away from the
UWB antenna (Figure 3.2 (b)). The reflective markers on the sensor-holding rig were
labelled M1 to M3 (Figure 3.2 (b)). To estimate the position of the UWB node with
respect to the rig an initial rig calibration procedure was performed, where the fixed
relation between the UWB node antenna and the rig markers was derived. This was
achieved through a static measurement of the rig markers with the Vicon system,

with an additional temporary marker placed on the UWB antenna. This rig
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calibration measurement was then used to estimate the position of the UWB node
during the experiment by utilizing the derived relation between the rig frame and

sensor frame. Also, the UMIMU orientations were derived from the rig orientation.

Figure 3.2: (a) Vicon optical motion tracking and analysis system; (b) Rig with the UMIMU
sensor and the Vicon optical markers M1 to M3 on sticks at some distances of the UWB antenna.

3.2.4 Error characterization pipeline

The error characterization process involved multiple steps that were clustered into
four phases: the preparation phase, the data collection phase, the data processing
phase, and the error estimation phase (Figure 3.3). The preparation phase involved
setting up both the Vicon measurement system and the UWB nodes. This phase
comprised the calibration of the Vicon system, followed by the UWB node antenna
delay calibration and the rig calibration procedure as explained in Section 3.2.3. The
data collection phase involved the collection and storage of all the data from all 3
(or 2) UWB nodes and the Vicon system in all the experiments. The data processing
phase consisted of estimating true distances from Vicon, processing measurements
of the UMIMU sensors, synchronizing both the UMIMU and Vicon measurement
systems, and preparing them for error computation. First, the true distances between
the sensor nodes Dygpye jj, Were computed using the Euclidean distance method

based on the marker positions measured by the Vicon system. Additionally, node

accelerations, aj'“*™ were obtained by double differentiation of these positions. The

accelerations from the MIMU sensors of the UMIMU sensor system, ai*’? were
interpolated if there are any missing samples, and distances measured by the UWB

nodes, Dyyyp i,j were parsed into readable arrays. Synchronization of the UMIMU
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and Vicon systems was then achieved through cross-correlation of acceleration

magnitudes derived from both systems, sampled at 100 samples per second (i.e., the

norm of a?**°™ and a"'?).

Figure 3.3: lllustration of the UWB error characterization pipeline.

Subsequently, after the synchronization between both systems, the Vicon data was

resampled to match the UWB update rates and instances using spline interpolation.
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Finally, for the error estimation phase, the errors in the distance estimates Depror i, j
were estimated by applying equation 3.1 for the resampled and synchronized
distances from the UWB, Dyp;j and the distances from Vicon measurement

system, Dypye i -

3.2.5 Experimental scenarios

The experimental scenarios were designed to consider the relevant situation of the
3D AHM. For both the LOS and NLOS conditions, several scenarios were tested.
This includes examining the effects of relative sensor position and relative sensor
otientations in LOS conditions relevant to 3D AHM. Followed by the examination
of the effects of NLOS caused by a subject’s thorax and simulated human body
segments, specifically PVC pipes filled with water with varying diameters as physical

models of human limbs.

LOS in a static measurement scenario (Scenario 1)

In the static LOS measurement scenario, inter-UWB distances were measured with
the sensor nodes positioned in multiple fixed positions and orientations, maximally
securing LOS situations at all times. The objective of these measurements was to
study the effect of antenna orientation and inter-node distances on their distance
estimation accuracy. The experimental scenario comprised a ‘central node’, CN
positioned on a tripod in a central location M and two ‘free nodes’ FN1 and FN2
mounted on tripods. The UWB nodes were always positioned in the same horizontal
plane (xy-plane) of 0.84 m above the floor more or less in the center of a relatively
large movement lab space (Figure 3.4 (a)). The central node was kept in the same
position and orientation during the complete session, while the tripods of the two
free nodes were moved to different positions for each measurement. A
nomenclature was defined to describe the positions of the UWB nodes in the lab
space and the horizontal direction of the two nodes with respect to each other. The
‘ranging heading’ was defined as the angle between the central node and one of the
free nodes, with the global x-axis of the Vicon system reference frame chosen as a
heading of 0°. The ‘antenna heading’ was defined as the direction in which the
antenna of a node is facing using the same angles as used in the ranging heading.

Since, DWM1000 antenna has a non-isotropic radiation pattern, antenna orientation
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can influence ranging accuracy. Specifically, on-body sensor orientation changes
during movement, and therefore testing different antenna headings helps identify
and mitigate orientation-related bias in 3DAHM applications. An example of the
central node with an antenna heading of 0°, and two free nodes at ranging heading

315° and 135° with respect to the central node is depicted in Figure 3.4 (b).

In four different LOS protocols, distance estimates were collected in different
combinations of free node distance to M, ranging heading, central node heading,
and with free nodes elevated. In LLOS-Protocol 1, the central and free nodes wete
placed at a height of 0.83 m above the floor. The free nodes were positioned on
opposite sides of the central node and the distance estimates between the central
node and the two free nodes were recorded for 30 seconds in each position. For
each ranging heading the distance from the central node was increased in steps of
0.1 m after every 30 seconds of measurement, starting from a distance of 0.2 m up
to a distance of 2 m. These measurements were repeated in all the 8 different ranging

headings (Figure 3.4 (a)).

Figure 3.4: Overview of the LOS measurement scenario. (a) Schematic map of the room (not to
scale), where P are metallic poles, and M is the position of the central node. The eight blue arrows
indicate the eight different directions in which the two free nodes were moved. (b) Top view of the
LOS static measurement with one central node (blue square) and two free nodes (green squares).
The free node in the top left and bottom left is positioned in ranging headings 315° and 1355,
respectively. (c) Overview of LOS dynamic measurement with central node (blue square) and one
handbeld free node on a wooden block (green square), at a fixed radius from the central node.
(Red arrows in the figure indicate the antenna heading)

In LOS-Protocol 2, the same procedure as LOS-Protocol 1 was repeated for the
ranging headings 90° and 270°, while keeping the antenna headings of the free nodes

also at 0° (in the same antenna heading as the central node). This ensured all
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antennas of the ranging UWB nodes were parallel to each other. In LOS-Protocol
3, the same LOS-Protocol 1 was repeated, but with the antenna heading of the
central node inverted, i.e., having an antenna heading the ranging direction of 180°.
Also, this measurement was only performed with the free nodes for the four ranging
headings of 0°, 135°, 180° and 315° respectively. In LOS-Protocol 4, LOS-Protocol
1 was repeated, but with the antenna heading of the free nodes turned upwards and
the heights of the free nodes now being increased to 125.5 cm above the floor. The
central node stayed at a height of 0.83 m and this setting creates a perpendicular
antenna heading between the ranging nodes. This LOS-Protocol 4 was performed
for the ranging headings of 0°, 135°, 180° and 315° respectively.

LOS in a dynamic measurement scenario (Scenario 2)

In the dynamic experiment scenario of the LOS situation (LOS-Protocol 5), the
UWB distance measures were acquired during a continuous change in position of
the free node, with the central node remaining at its fixed position in location M at
all times as seen in the static protocols. The moving free node was placed on a
wooden block that was kept at a fixed distance from the central node by keeping a
rope attached to the central tripod fully stretched (Figure 3.4 (c)). The wooden block
was handheld by the researcher with a stretched arm to keep his body at a maximal
distance to minimize the effects of body proximity to the ranging node (Figure 3.4
(¢)). During the measurement, the researcher walked three circles around the static
tripod, keeping the distance between the two ranging nodes fixed by keeping the
rope fully stretched at all times. In total eight measurements with radius of 0.5 m, 1
m, 1.5 m, and 2 m were conducted for each of the two free nodes that were also

used in the static trials.

Pilot experiment NLOS introduced by human body (Scenario 3)

In the NLOS situation introduced by the human body, static measurements were
performed with a human torso as LOS blocking element. In this experiment, the
central node was placed on a tripod at location M and the two free nodes were placed
on the body of the human test subject (Figure 3.5 (a)). One of the free nodes was
placed at the frontal side of the subject on the sternum (1.2 m above the floor) and

was called the ‘ventral node’, VN (Figure 3.5 (b)). The second free node also named
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the ‘dorsal node’, DN was placed on the dorsal side of the subject at the same height
as the ventral node (Figure 3.5 (c)). The subject was facing the central node at all
times, thereby ensuring an NLOS situation between the dorsal node and ventral
node, and also between the dorsal node and central node. Additionally, the distance
between the ventral node and the central node was also measured. Though this
specific distance measurement was in an LOS situation, it was still measured to study
the effects on distance estimate due to close contact of the sensor with human body
in LOS situations. The measurement protocol was similar to the one of LOS-
Protocol 1, with the distance between the frontal node and central node increasing
from 0.2 m by approximately 0.1 m every 30 seconds up to 2 m and in all the 8
ranging headings. The dorsal node remained at a fixed distance from the frontal
node, while the distance with the central node was increased in steps of 0.1 m as
moved along with the frontal node. Due to the limited field of view of the Vicon
system, the true position of the dorsal node could not be estimated for distances
larger than 1.3 m for the ranging headings 45°, 90°, 270° and 315°. Thetrefore, these

were excluded from the analysis.

Figure 3.5: (a) Overview of the measurement setup with central node mounted on a tripod (blue
square), and two nodes mounted on-body (green square), where buman body acts as an NLOS
obstacle between the DN and VN, as well as DN and CN. The red arrows indicate the antenna
headings of the tripod node and respectively (b) the dorsal and (c) frontal body-worn nodes in

more detail.

NLOS introduced by defined structures (Scenario 4)

For the experiments in scenario 4, the NLOS situations occurring when UWB nodes

are used on a human body were emulated by using water-filled PVC pipes with

76



UWB distance estimation errors in the context of 3DAHM

varying diameters as a model for the human body. PVC was chosen to be the
material of the container because of its relative permeance to electromagnetic fields
causing minimal additional signal disturbance. Three PVC cylinders with diameters
4, 8, and 12.5 cm and a length of 80 cm were filled to the brim with water and
subsequently sealed to ensure the safety of the measurement equipment and lab
space. The selected diameters were chosen to represent a range of human limb and
lower-torso segment sizes while maintaining a controlled and reproducible setup,
with the primary intention to examine the systematic influence of obstacle diameter

on ranging errors.

A custom wooden measurement platform was constructed that holds the pipes in
an upright orientation and allows accurate and quick (re)positioning of the ranging
UWB nodes at any position (Figure 3.6). The platform consists of a wooden base (1
m x 0.5 m plywood base) with guide rails on both the horizontal and vertical axis. It
also consisted of two vertical sensor holders that can be moved in the horizontal
plane along the guide rails (Figure 3.6 (a)). Rulers were attached along the guide rails
to allow free and accurate placement of vertical sensor holders in a horizontal area
of 0.8 m to 0.5 m. The platform was leveled through adjustable legs at its four
corners and the UWB nodes were mounted at a height that was half of the length of
the pipes. The center point of the platform was defined as the origin of the xy-
reference frame. The PVC cylinder (simulated human body NLOS obstacle) was
positioned at the center of the measurement platform in an upright position (Figure
3.6 (b)) with the two UWB nodes on each side of the obstacle. The true distances
Diryei,j between the UWB nodes were derived from the measured position of
Vicon markers placed on the sensor holders. The true position of the UWB node
antennas on the vertical sensor holders was calibrated with respect to the markers
on the base of the sticks by performing an extra Vicon measurement with an extra

marker positioned on the UWB antennas.

Two NLOS protocols were performed. In NLOS-Protocol 1, the pipe was placed
in the origin and two UWB nodes were placed on opposite sides of the pipe on the
X-axis. The UWB node on the left side of the pipe ‘node 17 (Figure 3.6 (2)) was kept
fixed at a set distance x1 from the pipe (NLOS obstacle). The UWB node on the
right side ‘node 2’ (Figure 3.6 (a)) was positioned along the x-axis in steps of 1 cm

starting from the closest point on the surface of the pipe to 0.3 m away from the
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central pipe, indicated by x2. This was repeated for multiple fixed distances x1 in
increments of 1 cm. For each combination of positions x1 and x2 data was recorded
with both the UWB and Vicon sensor system simultaneously for 10 seconds after
the researcher had moved away from the platform. Before performing the NLOS-
Protocols, a baseline measurement was obtained by performing the same protocol
without the NLOS obstacle (PVC pipe), to identify and eliminate the additional

errors caused by the measurement setup.

Figure 3.6: (a) Specialized platform for the NLOS experimental scenario; (b) A typical scenario
during an experiment with the NLOS situation introduced with a PVC pipe in between ranging

sensors on the setup.

In NLOS-Protocol 2, data was gathered in different situations of the pipe (partially)
eclipsing the line-of-sight between the two sensors. The pipe was kept fixed in the
origin and both the UWB nodes were kept fixed along the x-axis with the distance
between the pipe and each UWB node same (i.e., x1 = -x2, where x1 and x2 are the
positions of node 1 and 2 in x-axis respectively). Both the UWB nodes were moved
in parallel along the entire y-axis (so always y1 = y2) in step sizes of 1 cm and 0.5 cm
depending on the diameter of the pipe. For the pipe with a diameter of 12.5 cm, the
step interval was 1 cm, while for the pipes with diameters of 8 and 4 c¢m, the step
sizes were 0.5 cm. This was repeated for five different fixed distances along the x-

axis, where x1 being respectively 17 cm, 27 cm, 37 cm, 47 ¢cm, and 57 cm.

3.2.6 Data analysis

The main error metrics used in this study are mean of the distance measurement
etrors, Depror ij and their standard deviations (SD) for a particular position and
orientation used in the experimental scenatios. For all static experiments of LOS

situations in Scenario 1 the mean of distance measurement errors along with their
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SD were computed for each ranging heading and distance from a set of around 500
distance measurements (30 seconds at approximately 20 samples per second) at their
respective positions. For the dynamic LOS experiments of Scenatio 2, the mean of
the distance measurement errors for each orientation was computed from the three
citrculat movements made. For scenario 3, the mean and SD of distance
measurement errors between the central node and ventral node on the body were
computed for each ranging heading and distance from a set of around 500
measurements (30 seconds at approximately 20 samples per second ) at their
respective positions. Also, the mean and SD of distance measurement errors
between both on-body sensors (ventral and dorsal node) were examined. For the
NLOS experiments with the pipes of Scenario 4, again the mean distance errors

along with their SD over each position with varying distances were computed.

3.3 Results

3.3.1 Ranging quality for LOS in a static measurement scenario

In all experiments of LOS-Protocol 1, the measurement error in the distance
between the two free nodes and the central node, namely FN1-CN and FN2-CN
were comparable and similar to each other in most measurement positions (Figure
3.7). For the ranging headings 90°, 180°, 225° and 270°, all the mean distance
measurement errors for FN1-CN and FN2-CN were below 10 cm for almost all
measurement positions. Also, the mean distance error for each of these ranging
headings was below 7 cm (Figure 3.7). Conversely, for the ranging headings 0°, 45°,
135°, and 315°, the errors vary (mostly increase) with increasing distance between
the ranging UWB nodes, also with mean distance errors higher than 10 cm for all
ranging headings. The SD of the distance measurement was consistent and small
(=0.02 m) for almost all the ranging headings over all the varying distances. An
exception was formed for some specific positions, where the SD was very high for
ranging headings of 45° (for a distance of 2m) and 315° (for distances of 1.5 m, 1.6

m and 2 m).

For LOS-Protocol 2, with the antenna headings in parallel orientation, the mean
distance measurement errors for both the ranging headings were equal to or lower

than 10 cm for most of the distances (Figure 3.8). However, for a few measurements
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in the ranging heading 90° the errors were greater than 10 cm, specifically for
distances above 1.3m. The mean distance error for the two ranging headings 90° and
270° were 0.08£0.03m and 0.04£0.02m respectively. Similar to LOS-Protocol 1, the
SD of the distance estimation was consistent and small (=0.02m) for both ranging

headings over all the varying distances.

Experimental results of LOS-Protocol 3, with the antenna heading of the central
UWB node reversed (antenna heading: 180°) had comparable and similar distance
measurement error for the node combination FN1-CN and FN2-CN, except for

ranging heading 315° (Figure 3.9).

Figure 3.7: The mean distance measurement error and SD for the two ranging sensor pairs (FNI-
CN and FN2-CN) in LOS-Protocoll in all the eight antenna heading directions as well as
multiple distances between 0.2m to 2m. The central figure is to represent the orientation of the
sensors in this protocol, where the orange arrows indicate the antenna heading of the nodes.
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Figure 3.8: The mean distance measurement error and SD for the two ranging sensor pairs in the
LOS scenario, with the antenna heading parallel to each other (LOS-Protocol2).

The mean distance measurement errors for the ranging heading 0° were lower than
those of the LOS-Protocol 1, for both ranging node combinations. The errors in all
measurements appear to increase with increasing distance. For the ranging heading
315°, the node combination of FN1-CN still exhibits high errors as the distance
increases also with a high SD similar to LOS-Protocol 1. For the ranging heading of
90°, the node combination FN2-CN demonstrates errors mostly below 10 cm up to
a distance of 1.8m. The SD of the distance estimation was consistent and small
(=0.02m) for almost all the ranging headings over all the varying distances, except

for ranging heading 315° where SD was high with values up to 0.2m.

Figure 3.9: The mean distance measurement error and SD for the two ranging sensor pairs in
LOS-Protocol 3 with the antenna beading direction of the central UWB node reversed.
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For LOS-Protocol 4, the mean distance measurement errors were mostly below 10
cm and were also lower than the UWB-ranging situation in all the previous LOS
protocols (Figure 3.10). For directions 0° and 315°, there is a trend toward smaller
errors as the distance between the nodes increases. In contrast, for 180°, the mean
errors increase as the distance between the nodes increases. In this protocol, the SD
of errors over all ranging headings and distances was consistent and small (=0.02
m). The mean distance error from the two sensor combinations for all 4 ranging

headings of LOS-Protocol 4 was always lower than 6 cm.

Figure 3.10: The mean distance measurement error and SD for the two ranging sensor pairs in
LOS-Protocol 4 with increased height from the floor. The orange arrow and circles indicate the
antenna headings, where the circle is to represent the antenna heading upwards.

3.3.2 Ranging quality for LOS in a dynamic measurement

scenario

For all four radii in the dynamic LOS measurement scenario, an increased error
(peaks) around the antenna heading direction of 315° was observed (Figure 3.11).
Also, for a higher radius of 1.5 m and 2 m, there is an increase in error around the
antenna heading direction of 135°. The pattern of error is similar for all the radii,
however, there is a slight increase in the overall error with an increase in distance of

1.5 m and above. The SD of errors was highly consistently below 3 cm, except for
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the errors around the ranging heading 315° and around 150° for radii higher than
1.5 m. Both the mean distance measurement errors and SD were similar to the static

LOS protocols for all ranging headings.

Figure 3.11: The mean distance measurement error and SD for the two ranging sensor pairs in
the LOS dynamic scenario for all the ranging beading directions between 0°to 360"

3.3.3 Ranging quality for NLOS introduced by human body

The NLOS situations introduced by the human body have a significant effect on
distance estimation with higher errors than the LOS situation (Figure 3.12). The
mean distance estimation errors between the UWB sensors on the back and sternum
of the human subject (DN-VN) had a highly consistent error of around 0.53 m and
a very low variability over varying ranging headings and distances (SD < 0.01 m).
For the sensor node combination between the dorsal and ventral node, DN-CN
shows very consistent mean distance estimation errors of approximately 35 cm. The

ranging between the ventral node, VN and the central node, CN was in LOS
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situations and the results indicate very similar distance estimation errors as seen in
the LOS static scenario protocols. The mean distance estimation error from the
three sensor combinations for all ranging headings was consistent with a small SD
(Figure 3.12).

Figure 3.12: The mean distance measurement error and SD for the ranging sensor pair for NLOS
scenario by buman body in all the eight antenna beading directions as well as multiple distances
between 0.2m to 2m. The central figure represents the orientation of the sensors in this protocol,
where the orange arrow and cirdes indicate the antenna heading of the nodes. (the circle is to
represent the antenna heading upwards).

3.3.4 Ranging quality for NLOS introduced by defined structures

The baseline distance measurements with the NLOS experimental setup show an
effect of the setup on the distance measures between the UWB nodes (Figure 3.13).
After the correction of the distance measure by the estimated baseline correction
values the UWB distance measures show a stable measurement with minimal errors

around zero (Figure 3.13).
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Figure 3.13: Baseline UWB ranging ervor as a_function of the distance between sensors with no
NLOS situation (blue) and baseline measurements after correction with the baseline error
function (green).

Experimental results of NLOS-Protocol 1 showed mean distance errors that
increased with the increasing diameter of the obstructing pipes (Figure 3.14). The
mean distance measurement errors of NLOS situation by 4 cm pipe was always
within 10 cm for most of the distance points. For the NLOS caused by 8 cm and 12
cm pipes, the errors increased with higher errors of 20 cm and above when UWB
nodes were closer to the pipe. The SD for the baseline corrected mean distance
errors are also provided in the graphs. The SD varied between 0.05 cm to 2.52 cm
in NLOS with 4 cm pipe, while it was between 0.56 cm to 4.18 cm in NLOS with 8
cm pipe and the SD was between 0.06 cm to 3.30 cm in NLOS with 12 cm pipe.

Figure 3.14: The mean distance measurement error (along with SD band) as a_function of the
distance between the ranging sensors from NLOS-Protocol 1, for the simulated NLOS situation
with water-filled pipes of diameter 4 cm(blue), 8 cm(green) and 12.5 cm(red) respectively.

For the NLOS-Protocol 2, the mean distance estimation errors were minimal for the
NLOS situation with a 4 cm pipe, and only a slightly higher error was found close
to the pipe (Figure 3.15). For the other two NLOS obstacles, the position of the
pipe is distinguishable from the ranging error as it increases when closer to the pipe.
The errors always increased when closer to the pipe and dropped around the center

of the pipe for all the NLOS situations of pipe with 8 cm and 12 cm.
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Figure 3.15: The mean distance measurement error as a_function of position on the measurement
table between the ranging sensors from NLOS-Protocol 2, for the simulated NLOS situation with
a water-filled pipe diameter of 4 cm(top), 8 cm(middle) and 12.5 cm(bottom) respectively. The
grey-shaded region indicates the position of the pipe.

3.4 Discussion

This study collected a comprehensive set of experimental data to examine the
behavior of UWB node distance estimation errors under conditions relevant to the
intended application scenario of 3D AHM. Different combinations of relevant
ranging distances and sensor node orientations were examined in both LOS and
NLOS situations. Firstly, the study provided a comprehensive distance estimation
error analysis in static and dynamic LOS situations for the typical range of 3D AHM
applications (0.2 m to 2 m). Secondly, a similar analysis was performed for the NLOS
situation with two sensors mounted on opposite sides of the human thorax plus an
external sensor at some distance. Following this, a more controlled NLOS situation,
using water-filled PVC pipes simulating NLOS situations as they would be caused
by human body segments, was studied. Inferences from the observed distance
estimation error behaviour and its relevance to 3D AHM are further discussed in

this section.
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3.4.1 Distance measurement in LLOS situations

The extensive study of the UWB distance measurement error in LOS situations was
performed for two sensor node combinations (FN1-CN and FN2-CN). The
resulting distance measurement errors from both sensor sets indicate that their
performance was highly consistent, exhibiting very similar error values in almost all
the experimental protocols. This indicates that the individual UWB nodes showed a
consistent performance and provided confidence in the reliability of the
measurement from the UWB sensor system being used. This also implies that
sufficient care was taken to not influence the experiments by the presence of the

human body (researcher) or other elements of the experimental set-up.

The results of LOS-Protocol 1 showed mean distance estimation errors below 6 cm
for ranging headings 90°, 180°, 225° and 270°. They were slightly higher (between 8
to 12 cm) for ranging headings 45° and 135°, and very high (>20 cm) for ranging
headings 0° and 315° (Figure 3.7). In LOS-Protocol 3, the antenna heading of the
central node was rotated to 180° and the mean distance errors of ranging headings
0° and 180° were reversed compared to LOS-Protocol 1 (Figure 3.9). This indicates
that the increased etror in the ranging heading of 0° is related to reduced signal
strength between two ranging nodes that typically occurs when their antennas are

facing each other [139].

For all the other ranging directions with higher errors, like the ranging heading 315°,
45 and 135°, the asymmetry in the distance error graphs in Figure 3.7 suggests that
this is not caused by ranging headings but by some untelated cause. For example,
the errors in the ranging direction 315° do not match the error from the ranging
heading 45°. Also, unlike the case of headings 0° and 180°, in LOS-Protocol 3 the
mean distance errors of ranging heading 315° remained similar to the previous
condition but were not reversed, thus confirming that these errors were not an effect

of ranging heading.

From the results of LOS-Protocols 1, 2 and 4, there is an effect of antenna heading
found. In the LOS-Protocol 4, with the antenna headings of both nodes
perpendicular to each other, the mean distance errors were always lower than 7 cm,
suggesting it to be the best-relative antenna heading compared to others (Figure

3.10). The LOS-Protocols 2 with the antenna headings parallel to each other, were
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the next antenna heading with lower errors than 8 cm. The antenna heading-
dependent errors observed could possibly be attributed to the non-isotropic
radiation pattern of the DWM1000 antenna [139]. However, from the LOS-Protocol
1, it is clear that the antenna headings when facing each other have different errors
over varying ranging headings and distances as described previously. This suggests
that for these specific antenna heading configurations there is an error caused by a

parameter that is not ranging heading or distance alone.

The observations from all these LOS static protocols as mentioned above cleatly
indicate the presence of an additional error, which is not relevant to the antenna
heading or ranging heading. Also, there was an increase in the mean distance errors
above 1.5 m in most of the ranging headings suggesting that within the range of 0.2
m to 1.5 m, errors are small and consistent. These inferences from the LOS static
protocols thus suggest that the effect is a function of UWB node position in the
room (3D space) as it is a combination of the ranging heading and distance from the
central node with fixed position. This was again confirmed by the LOS dynamic
experiments, where the distance errors become very high at around the ranging
headings 135° and 315° as observed in the LOS static protocols (Figure 3.11). In the
dynamic experiments, this position-bound error manifests itself as a transient error
occurring each time when the moving node passes specific positions, formed by
specific combinations of ranging headings and distances. Also, these transient errors
were clearly identified by very high variance (higher SD) in the distance estimates,

which was otherwise very low and stable (=2 cm).

When neglecting position-based disturbances, there are only systematic offset errors
of around 6 cm. These systematic errors were very consistent and repeatable, as was
indicated by the very small SD values of the distance estimates. This was also
confirmed by Schmid et al. [140], where the errors were highly consistent and
systematic offset of around 7 cm. Another study by Jimenez et al. [75] reported mean
errors as small as 12 cm and an SD value of 13 cm for an indoor environment with
ranging distances between 0 and 5 m. However, this study by Jimenez et al. was
performed in a very dynamic measurement environment with strongly varying LOS
and NLOS situation combinations. Though there were other studies in the literature,
comparison of the results of this study against other studies was difficult due to

varying measurement conditions. Most studies focus on ranges higher than 1 m (up
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to 20 meters or more) [123,134-136], while this study focuses on ranges relevant to
3D AHM application (up to 2 m), providing a unique knowledge that has not been
studied before.

3.4.2 Distance measurement in NLOS situations by human body

The UWB distance measurement errors in NLOS situations were studied through a
pilot experiment with a (blocking) human body and under more controlled
conditions with artificial obstacles with properties close to human body segments
(water-filled PVC pipes). All the experiments in NLOS situations used parallel and
perpendicular antenna heading configurations, as these had shown the best results
in LOS situations. Additional distance estimation errors were observed for the
situation of ranging between nodes on the platform without a pipe present. It is
assumed that these errors were caused by adverse effects of the complex mechanical
platform. Under this assumption, an independent baseline measurement was
performed and all data of the experiments in the NLOS situations were compensated
by subtracting the baseline error. The fact that all compensation values for the same
node distance were found to be very similar (SD <3 cm), regardless of the position
of both nodes, suggests that the additional errors were a function of the distance
between the nodes and not of the position of both nodes on the platform. All
distance errors found after baseline compensation were consistently small (<1.3 cm)
and similar to error magnitudes in the LOS experimental results (Figure 3.13),

indicating a valid compensation.

The pilot experiments in NLOS situation with sensor nodes on the human body
showed consistent, stable, and systematic overestimation errors in the distances
between the UWB nodes. Experimental results showed a constant mean distance
estimation error of approximately 0.53 m between the dorsal node and the ventral
node (DN-VN), for all the subject positions in the experimental region (Figure 3.12).
These distance error estimations were highly consistent, indicated by the very low
SD (<1 cm for all measurements). The errors seen in the human body NLOS
situation fit the model that assumes that the distance estimate reflects the shortest
distance around the obstructing body segment [125] and also are similar in magnitude
to errors reported in [117]. Similatly, there was a consistent distance estimation error

between 31 cm to 38 cm for distance measures between the dorsal node and the
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central node (VN-CN). This consistent effect remained the same throughout
multiple ranging orientations and varying distances, except for the ranging
orientation 90°. This was possibly due to the closeness of the subject to the
electronic control unit of the Vicon measurement system in this specific position.
Considering the inference from previous experiments in LOS situation, this effect

would be a transient effect around that specific position.

Besides the effect of NLOS by direct obstruction of the human body, the UWB
node combination VN-CN provides insights into the effect of being in close contact
with human body in LOS situations. The closeness to the human body did not
appear to have an additional effect on the distance estimation, which was evident
from the errors between the ventral node and central node being similar to, and as

small as, those in the LOS situations without body presence.

Experiments with NLOS situations by defined obstacles (the PVC pipes) showed a
consistent overestimation of the distances between UWB nodes, similar to what was
observed in the NLOS experiments with the human body. The distance estimation
errors were more prominent and larger in amplitude with increasing PVC pipe
diameters (Figure 3.14). This suggests a strong relationship between the geometry of
the obstructing object and the observed ranging error. Specifically, the amplitude of
the ranging error was shown to be strongly linked to the size of the object, with the
errors of the pipe with a diameter of 0.04 m being minimal and close to those of a
pure LOS situation while the errors are larger for increasing pipe diameter. The error
pattern again matches the simple wrap-around model that assumes that the distance
estimate reflects the shortest distance around the obstructing pipe [125]. Though the
mean errors increased, the SD of the distance measures by the UWB remained lower
than 3 cm and were similar to those in the LOS measurement situation, indicating a

repeatable measurement.

Only a few studies on the NLOS effect through the human body were found
[93,123,133-136]. All these studies with the human body between the UWB nodes
were studying ranging performance at distances larger than 1m. In [136], distance
estimation error was reported at around 0.18 m and 0.15 m for a fixed distance of 4
m and 7 m respectively between the UWB nodes with a human obstacle in the

middle. Although a direct comparison of estimation errors of our study against [136]
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is not possible due to the different distance ranges investigated, a similar trend can
be observed, where increasing the distance between the UWB node and the NLOS
obstacle resulted in reduced estimation error. This observation resonates similarly
with the inference of this study that a higher distance from the obstacle will result in
less error than being close to the obstacle. Jie et al. [123] and Qinglin et al., [93]
studied the NLOS effect by placing UWB nodes on humans. However, only
measurements were performed between the UWB sensor on the human body and
an external UWB anchor more than 1 m away. Therefore, comparing [123] in ranges
at 1 m and above confirms our observations that the ranging errors were higher
(around 30 cm) when in NLOS by complete obstruction through the human body
and errors were lower than 10 cm for on-body UWB in LOS with an external node.
In addition to studying errors in the ranges relevant to 3D AHM, this study provides
a very unique knowledge on measurements between on-body sensors both with

human body and defined emulated human body segments.

3.4.3 Suitability for application in 3D AHM

The incidental higher errors observed in the LOS situation measurement appeared
to occur as a function of absolute position in the room, as explained by the
experimental static data (Section 3.4.1). As in typical 3D AHM applications subjects
are moving through space, these errors will mostly manifest as transient errors,
which was confirmed in the dynamic experiment data (Section 3.4.1). In situations
when a subject holds a sensor in these specific positions for an extended period, the
sensor data becomes invalid. However, since this issue can always be detected
through different means using the redundant data set, this is not expected to be a
critical problem. When these errors manifest as transients, multiple opportunities
arise to mitigate these error components, e.g., in the data fusion process of MIMU
and UWB measurements with the proposed UMIMU sensors. Additionally, the
UWB distance measurement fails when the distance between the ranging nodes is
below 15 cm. However, with the commonly used sensor node placement on the
human body in clinical gait analysis/3D AHM, this situation rarely occurs and
typically manifests as a transient in the human movement data, which may be

mitigated with the data fusion process.
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Despite the UWB nodes being calibrated before the measurements following the
manufacturer’s indications (antenna delay calibration), a systematic residual bias
error of around 6 cm was found in all measurements. This error level is considerably
larger than the level deemed required for successful application in 3D AHM.
However, as for each UWB node combination a specific consistent error magnitude
was found, and a further improvement of the estimation error level seems feasible.
This suggests that an additional systematic mitigation process for these petsistent
bias errors is feasible and should be researched in future studies. The perpendicular
and parallel antenna headings configurations showed the smallest distance
estimation errors (as observed in the results of LOS-Protocols 2 and 4). In terms of
angles between the antenna headings of ranging UWB nodes, the ranging heading
angles of 90°, 180°, 225° and 270° consistently showed the smallest errors. This
information can be used to optimize choices in sensor orientation and position in
sensor mounting protocols in 3D AHM applications. Since the orientation of on-
body sensors continuously changes during movement, such heading-dependent
distance errors may propagate into position estimation. Identifying and
compensating for these effects through calibration or fusion algorithms is therefore

important to maintain higher accuracy in 3DAHM applications.

The findings of this study suggest that NLOS situations caused by simulated human
body segments will always cause an overestimation of the node distance that seems
related to the size of the simulated body segment causing the NLOS condition. This
suggests that human body segments with smaller diameters such as the forearm and
shank will have a smaller influence on the distance estimation, while the trunk and
thighs will cause more substantial distance measurement errors. In our experiments,
the effect of occlusion appeared consistent and repeatable. Therefore, these errors
could possibly be mitigated through additional smart and automated systematic

mitigation techniques to facilitate an accurate and stable application in 3D AHM.

3.5 Conclusion

This article provides a comprehensive analysis of the distance estimation errors
between UWB node pairs, specifically for situations relevant to 3D AHM
applications that have not been studied previously. The error analysis was performed

for node distances in a range typically expected in 3D AHM applications (0.2 m to
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2 m). Also, the effect of different node orientations was studied. Both static and
dynamic LOS situations were examined, along with NLOS situations with human
body and water-filled PVC pipes as physical models of human body segments. In
LOS configurations, this study found errors of the consistent magnitude of around
6 cm for specific combinations of the relative position of nodes, (simulated) body
and node orientation. This suggests the need for additional systematic error
mitigation methods for UWB sensors. Small, consistent effects on the estimation
error were found as a function of the relative ranging heading of the node antennas,
providing valuable information for future on-body sensor placement. In both LOS
and NLOS situations, no significant effect was observed on the closeness of the
UWB nodes to the (simulated) human body. Large errors around 40 cm were found
as a function of only the absolute position in the room, probably caused by reflection
interference. In typical applications of 3D AHM (in which all sensors move most of
the time), these errors will appear as transient errors in the data. This provides
opportunities for error mitigation and appropriate independent detection of the
presence of these transient errors. In NLOS situations, a typical, consistent
overestimation of the distance between UWB nodes was found. The amplitude of
the distance estimation error in NLOS situations was found to be a function of the
object size as well as a function of the relative position to the object and appeared
additive in nature. These observations made on the consistent character of UWB
ranging errors within distance range and conditions relevant to 3D AHM will help
to develop mitigating strategies for these errors in actual UMIMU data fusion-based

applications in human movement analysis.
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Abstract

Integrated UWB and MIMU sensor systems have become popular for pedestrian
tracking and indoor localization, since this facilitates data fusion that improves
position estimation accuracy by exploiting the complementary nature of their error
sources. Integrated UWB/MIMU sensors also have great potential in only on-body
use for 3D analysis of human movement, as with MIMU sensors alone accurate
direct estimation of (relative) body segment position is not possible. For this, a
position estimation accuracy with errors smaller than 1 cm is deemed required. The
lowest position estimating error with integrated UWB/MIMU systems, reported so
far, is around 5 cm. The main accuracy limiting factors were found to be the
systematic errors in the distance estimates from the UWB sensor. Multiple reported
attempts to calibrate for these systematic errors failed to achieve the desired
accuracy. This article presents a novel distance-bias calibration method that
minimizes the residual systematic distance estimate errors using multiple sensors in
a swarm configuration. Validation was performed against synthetic reference data
and against reference data measured with an optical motion tracking system.
Significantly reduced systematic distance estimate errors (0.5 cm) were found.
These results promise to facilitate significantly better position estimates in future
UWB/MIMU data fusion.
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4.1 Introduction

In modern ambulatory 3D analysis of human movement, Magnetic Inertial
Measurement Units (MIMUs) have gained popularity due to their low cost, ease of
use, and portability [38,66]. MIMUs typically provide 3D orientation data in an
(inertial) world frame with consistently high accuracy. This is achieved by exploiting
redundancy in measured 3D kinematics, including 3D angular velocity, linear
acceleration and, often, earth magnetic field data from respectively the three axial
rate gyroscopes, linear accelerometers and magnetometers. This is typically done
through applying data fusion methods [38-40,141]. Also, in limited use cases 3D
sensor displacement (changes in sensor position over time) is often estimated from
the recorded 3D linear acceleration combined with the already estimated 3D
orientation [141]. With the starting position known, the 3D position can be estimated
in an inertial world frame. However, the accuracy of the 3D displacement estimates,
and thus also of the 3D position estimates, is relatively low. They typically suffer
from strong estimation drift errors, as double integration of acceleration data is
required [42,43]. The integration typically produces high errors as its input signal is
already contaminated with accumulated additional errors from the preceding data
preparation process on top of the existing inaccuracies in the acceleration signal
itself. This makes the application of this approach ‘as is’ not feasible for relative on-

body position estimation, except for short measurements.

Various studies have proposed multiple alternative methods for improved
estimation of relative position in the 3D analysis of human movement. These were
usually utilizing assumptions on aspects of the movement performed by the human.
This involves e.g., applying an extra optimization with constraints to the joint
kinematics derived from biomechanical models devised for human movement [45].
This requires biomechanical model constraints that sufficiently fit the subject
evaluated and also requires enough excitation (subject movement) for optimization
convergence. It is not trivial that this is sufficiently fulfilled in e.g., people with
movement disorders. Another example is the Zero-Velocity-Update (ZUPT)
algorithm, which detects instances of the foot in stance closest to zero velocity (and
foot-flat pose) and restarts the integration process delivering 3D displacement,
effectively resetting the integration drift to zero, often combined with first-order

integration drift removal for the preceding step [44,69]. However, these methods are
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limited to walking in specific subjects and situations in which this foot placement
aspect of walking is taking place sufficiently consistent and detectable, which is
specifically questionable in patients. Also, the ZUPT method cannot be used to
minimize integration drift in position estimation of sensors on any other body parts

than the feet.

An alternate approach to these methods is adding an additional sensing modality to
the MIMU sensor hardware, that directly provides time-invariant position or
distance estimates. Sensing modalities that were proposed to improve the positional
estimates, and were already tested in integration with MIMUs, are distance
estimation using miniature Ultrasound (US) [55] and infrared (IR) [56] technology.
However, the contribution to the analysis of human movement applications of US
is limited due to interference problems when more US tags are used simultaneously
[63,64]. The possible application of IR is limited by the strict requirement of direct
Line of Sight (LOS) conditions [63]. Other sensor modalities that were proposed to
provide position or distance estimates are Wi-Fi, ZigBee, Bluetooth, Radio
Frequency Identification (RFID) and Ultra-wideband (UWB) [49-53,74]. Among
these, UWB is reported to be the most accurate with errors lower than 10 cm
[57,112].

Therefore, the integrated UWB and MIMU sensors have become popular and have
been utilized by many authors for position estimation applications in the last decade
[119]. However, to the knowledge of the authors, no articles have been published
that utilize this for estimating body segment kinematics in ambulatory 3D analysis
of human movement applications with only on-body sensors. Instead, only
applications of pedestrian navigation and indoor subject localization applications
were reported [119]. For successful application in the 3D analysis of human
movement, the technical accuracy of an integrated UWB /MIMU method (UMIMU
method) should be similar or close to that of vision-based systems, which are
regarded to be the current ‘gold standard’ in clinical movement analysis [46,47]. This
suggests that the accuracies of the integrated UWB/MIMU system should have a

position estimation accuracy of <1 c¢m [71,72].

Current accuracies reported for integrated or combined UWB/MIMU sensor

approaches are still far from the desired accuracy for application in 3D analysis of
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human movement [119]. A majority of the articles reported errors greater than 10
cm and also as high as 1m, even for optimal Line of Sight (LOS) conditions. The
purpose of adding the UWB modality to the MIMU is to stabilize integration drift
in displacement/position estimation, by offering time invariant distance/or (relative)
position updates to a data fusion-based estimator. Therefore, the quality with which
the UWB system can deliver these updates has a great influence on the possible
accuracy that can be achieved by the data fusion-based position estimator. Most
studies integrating MIMU and UWB sensing have used UWB sensors from one
particular market-leading manufacturer (DMW1000 from Qorvo Inc, Greensboro,
USA) ‘as is’ and none of them mentioned performing any quality improving or
testing calibration procedures [119]. Also, none of these articles mentioned applying
the antenna delay calibration that is recommended by the manufacturer. Still, almost
all articles report errors that are systematic and that are much larger than what the
producing company claims to be achievable (“Z5 cm distance error with 99%
probability”’). This clearly indicates the presence of systematic errors much larger
than what is required for application in 3D analysis of human movement in the UWB

distance estimates, an observation that was also confirmed in other studies [142,143].

Multiple attempts to develop methods for calibration or correction of systematic
errors in UWB distance estimates were reported in the literature [138,142-146]. All
these studies except [142] targeted specific aspects of UWB internal parameters e.g.,
the error introduced due to the skewness between the clocks of ranging UWB sensor
nodes [143,145,146], and antenna delays [138,144]. One study estimated distance
errors between each sensor combination from the received signal strength (RSS) and
only tested this at the exact same location [142]. As RSS strongly depends on
environmental factor details, this paper generated strong doubts about
generalizability. Among all the other calibration methods, the lowest systematic error
reported to have been achieved after the calibration was around 3 cm [145]. Also, in
initial (own) pilot studies the authors of this paper found persistent residual errors
greater than 4 cm in structural ranging components, even after performing the

recommended antenna delay calibration by Qorvo [138].

Summarizing all results reported, the presence of persistent substantial systematic
errors is the main factor preventing a position estimation accuracy through

UWB/MIMU data fusion that is required for 3D analysis of human movement. This
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article proposes a generalizable one-time calibration method for reducing the
systematic UWB distance estimate errors to sub-centimeters and validates its
performance against the gold standard method within the distance value range
relevant to 3D analysis of human movement. As such, the article examines whether
this method could facilitate the future development of MIMU/UWB data fusion
methods for this application. The method utilizes data from a swarm of UWB sensor
nodes. It applies an optimization procedure that exploits the redundancy in a set of
UWB node distance estimates recorded during a ‘random’ movement within the
relevant distance range. For this, it uses a simple distance bias error model. In this

article, this method is referred to as the ‘distance-bias calibration method’.

4.2 Methods

4.2.1 UWB ranging method and configuration

The UWB sensors used in this research estimate distances between sensor nodes
based on the Time of Flight (ToF) information, which is also the most popular and
commonly used technique for distance measurement using these sensors [147]. The
distances were estimated using the available information on ToF and the known
speed of the UWB transmission. For the ToF estimation, the method/algorithm
implemented was the Alternative Double Sided-TWR (AltDS-TWR) [137]. The
AItDS-TWR method is the most robust and popular approach used to deal with the
internal clock drift between unsynchronized UWB nodes in ToF measurements
[111]. This AltDS-TWR is also the current state-of-the-art approach used in most of
the commercial UWB sensors such as the DW1000. In addition, the antenna delay
calibration was applied, as recommended by Qorvo [138], for all the UWB sensor

nodes that were used for this research.

Since the targeted use case application in this research is full body 3D analysis of
human movement, a swarm topology is used for the UWB ranging, as opposed to
the star topology typically used in tracking applications. The swarm topology uses a
fully connected network that performs the UWB distance-ranging operation
between all pairs of UWB sensor nodes present in the network. This typically
delivers redundant data for estimating node relative positions applying e.g., an

optimization approach. This swarm topology implementation is illustrated in Figure
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4.1. In this implementation, one additional sensor node, not participating in the
ranging, assumed the role of a controller and listener (green node in Figure 4.1). This
‘controller node’ was connected to a PC with a user interface for configuring and
operating the sensor system. This node controlled the overall timing of the ranging
protocol and relayed any operational command to the ranging sensors. It also acted
as a listener device and collected all distance estimates from all nodes in the network
along with the MIMU data and uploaded this data to a PC via USB for processing.
This swarm configuration yields (n-1)! distance estimates for a set of n UWB sensor

nodes per update in a fully connected swarm of n sensors.

Figure 4.1: Configuration and swarm topology of identical UWB nodes. The nodes taking part
in the ranging process (yellow) switch roles between the ranging initiator and ranging responder
Sfollowing a fixed round-robin scheme installed in all of them by the controller/listener node

(green).

4.2.2 Proposed distance-bias calibration

Error model

The distance-bias calibration error estimation model in this research was built for
multiple swarms of three UWB sensor nodes (the minimum required to form a
swarm), also for reasons of optimizing computational load (Figure 4.2). The UWB
sensor nodes participating in the ranging are identified as Node 1’ where i
corresponds to the sensor number with { € N. A priori unknown position within
the sensor node casings between which the distance was actually measured was

named the UWB center point, C; (blue dots in Figure 4.2). UWB center points, C;
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were assumed to be on or close to the antenna of the UWB unit inside the sensor
casing. The distances measured between the C; points in a pair of sensor nodes i and
j were defined as Dy, j and the distance between the sensors D; ; is indicated with
blue lines in the figure. A physical reference point on the sensor casing that can be
measured using any external reference system is defined as the UWB casing frame
origin, P; . The position of P; with respect to the global reference frame was
represented as H (vellow vectors). The position of UWB center point, C; with respect

to the UWB casing frame origin, P; was represented as UWB center point vectot,

—_—

Cy, in the global frame. Since all the UWB nodes were physically identical in

hardware and ran the same embedded software, it was assumed that all the vectors

Cy,. (orange vectors) are identical for all the sensor nodes in the sensor frame and
—

will be always represented as Cg. The position of UWB center point C; relative to

the origin of the global reference frame is indicated by @) (green vectors).

Figure 4.2: lllustration of the swarm measurement model. Note that the externally observable
distances P; (e.g. by a reference system) arve different from the measured distances C; in any
situation except the situation in which the 3D orientation of all sensor nodes is exactly equal.

The error model was built based on the assumption that both the UWB nodes
participating in a ranging operation contribute individually to the bias error in the
distance estimated with a fixed contribution. It is assumed that the main errors in

determining the Tol' and distance are formed by systematic, but unknown, time
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delays, that are caused by delays inside sensor hardware and software and which
therefore are not related to the distance between the sensors. All these probable
error causes are assumed to occur to the same extent in each ranging operation.
Besides this, these errors can be generalized as a single error corresponding to each
sensor irrespective of the source of error being attributed to transmission and
reception errors, since the AlItDS-TWR ranging protocol ensures that both
operations occur twice in each sensor. Consequentially they are modeled as sensor-
specific bias errors. Earlier studies into ranging errors within the relevance of human
tracking did not report an effect of the distance between the ranging UWB nodes
on the reported distance estimation [119]. This suggests that the observed non-
random estimation error components were mainly pure bias errors and did not
contain gain effects. This was again confirmed by an initial extensive error evaluation
of all pairs of two UWB sensor nodes within the distances relevant for 3D analysis
of human movement. Therefore, in this study estimation errors were modeled as
pure bias errors. This allowed for the distance estimation bias errors to be modeled
as the sum of the two bias error contributions eb; and eb; of both involved UWB
sensor nodes i and j. Then the estimated distance between them, Dy,yp i, can be

written as
Dywpij = Dirueij + eb; + eb; 4.1

Here, Dirye i, s the true distance between the two UWB Center points C; and Cj.
Considering the ranging operation between two UWDB sensor nodes I and j in a
swarm of n sensor nodes, the true distances between the nodes i and j, D¢pye i,j can

be also defined in terms of the global coordinate vector to the UWB center point,

g . .
K and is given as

Diryeij = | Kg — Kg,]l for i,j €[1,n] 4.2

combining equations 4.1 and 4.2, and defining them in terms of the true distance

Dtrye i,j gives

Dirueij = | Kgi— Kgj| = Duwpij — eb;—ebj fori <j 43
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e

The position of (; relative to the origin of the global reference frame, K, can be
derived based on the geometric relations as seen in Figure 4.2 through vector
addition. With this considered, the following relation can be derived for the global
coordinate vector to the UWB center point, ?g) from the UWB casing frame origin,

—_—

P; and center point vector, Cg ;:

—_— R —— — .
Kg,=Cg,+P, for i € [1,n] 4.4
. . - . .
As previously mentioned, all the vectors Cjy, were assumed identical for all the
 —
sensor nodes in the sensor frame. This implies that the vectors Cy, are the vector
—
in the sensor frame, Cgrotated to the global frame. Therefore, with a known

_
orientation of the sensor node the Cy, can be estimated as:

—_— —

Cg,l =q; Cs q; for i €[1,n] 4.5

Where q; is the orientation of sensor node { expressed as unit quaternion in the
global reference frame, while q; is the conjugate of the quaternion g;. Substituting

equation 4.5 in 4.4

e —

Kg,z = CI? Csq; + ﬁl) for i €[1,n] 4.6

Substituting equation 4.6 in 4.3 provides the final model which then can be used to

estimate the unknown parameters eb; and Cg by optimization. Thus, the model is
defined as:

I(9i Csai+P) — (4; Cs a; + B)|| = Duwp ij — ebi—eb; 47

In this equation the measured distance between each node Dy,yp, 4 j, the position of
—
the node casing P, and the node orientations q; are the known variables that were

measured. The UWB center point vector, Cs and the bias errors eb; and ebj are the
unknown variables. When expanding these equations to a form suitable for
numerical evaluation, some of the unknown variables appear in quadratic terms. This

means that evaluation requires a non-linear optimization method.

104



Novel UWB distance-bias calibration method

For three UWB nodes, this expansion yields 3 equations with 6 unknowns. For n

nodes, this yields n-1 triangular number of equations:
no.of equations =1+2+--+Mm—1) forn€N 4.8

Also, this yields a total of n+3 unknowns. This makes this set of equations an
underdetermined (n<5) or overdetermined (n25) system suggesting the application
of an optimization approach to a set of multiple samples at different distance

combinations to solve for the unknown bias etrors eb; and UWB center point

—

vector, C.

Optimization approach

A multi-objective constrained non-linear optimization method was applied to

estimate the unknown bias etrors eb; and Cg by minimizing the differences between

Dirye and Dy, — eb; — eby, utilizing the model defined in equation 4.7.

Min ([|(a; & ai + ) = (a; G a; + )|

4.9
- (Duwb ij ebi - eb])) fOT l,] EN

This was done by applying the non-linear optimization method of Nelder-Mead
(NMinimize function implemented in Wolfram Mathematica version 12.1). Two
constraints are included to improve the chances and speed/computational load of
convergence to the global best solution. The first constraint limits the solution space
of the UWB center point, C; to a volume detived from the UMIMU sensot's physical

dimensions assuming that C; is on, or very near, the antenna surface and inside the

sensor casing. As a consequence, E; was limited to positive values with maximum
coordinate values chosen equal to the dimensions of the sensor node casing. The
second constraint limits the bias error estimates to be always positive, which were
based on reasoning confirmed in all pilot test results, that the ranging errors are
caused by an apparent overestimation of ToF values. The bias error upper limits
were constrained to a worst-case maximum of 15 cm, also based on results of pilot

experiments yielding distance estimate errors never greater than 15 cm.
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4.2.3 Validation with synthetic data

Synthetically generated distance estimates with predefined bias error values eb; and
UWB center point values C; were used for directly validating the performance of the
calibration algorithm. Additionally, to evaluate the convergence of the optimization
requires the synthetic data in which the true values of eb; and C; are known as
opposed to them not being known in experimental data. The data were generated
with a custom-built data generator, mimicking a physically realistic movement (speed
of movement and change in orientations limited to a normal human movement
scenario) for a set of three sensors named S1, S2 and S3 respectively. The resulting
distances between all three sensor pairs were provided as an output of the data
generator, with the distance combinations between the sensors being labeled with
their number assigned to them (For example: the distance between S1 and S2 sensors
was labeled as Dy,pp 1 2). The distance update rate of the generated data was set to
10 samples per second, which was close to the general update rate of commercial
UWB sensors. To achieve realistic translation and rotation of the sensor’s data for
each timestep, these were randomly drawn from a uniform distribution with a
minimum of 1 degree and maximum of 5 degrees for the change in rotation of the
sensor and with a minimum of 5 cm and a maximum of 20 cm for the change in
sensor position. In addition to this, white noise with an SD of 2.5 cm was added to
the generated distance data. Noise SD values were based on the experimental

evaluation of UWB ranging. A total of 30 data sets were generated with varying

values for Fs) and eb; randomly drawn from uniform distributions (0 < C,< 5, 0
<(y<4,0<C(,<08,-15 < eb, < 15) and the resulting sensor distances were fed
as inputs into the optimization algorithm. For each of the 30 generated data sets, the
optimization procedure was repeated 30 times, each time with a different random
permutation of the input data and different initial vector values randomly drawn

from uniform distribution within the given constraints. The estimated values of
Cs and eb; with the lowest residual error in a set of 30 optimizations wete considered

—_—
as the final estimates. The resulting parameter estimates for Cgand eb; were
compared against the ground truth values used in the synthetic data generation.
Additionally, the errors of the calibrated distances were compared against the

distance errors before the calibration of the distance estimates.
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4.2.4 Validation with experimental data

UWB sensor hardware and calibration setup

A custom fully integrated UWB/MIMU sensor hatrdware platform was developed
in-house, the sensors of which were named ‘UMIMU’ sensors (Ultra-wideband
Magnetic Inertial Measurement Unit sensors) and were used in this research.
UMIMU sensors consist of a UWB transceiver module DW1000, a 9-axis MTi-3
MIMU (Xsens Technologies, Enschede, Netherlands), an STM32F722RE
microcontroller (STMicroelectronics, Geneva, Switzerland), USB communication
for charging, configuration and programming combined on a custom PCB (Figure
4.3a). The UWB sensor nodes estimate the distance between them by the AltDS-
TWR method as described in Section 4.2.1. The onboard MIMU is sampling
independently using the MIMU chip clock at 100 samples per second to deliver 3D
otientation, acceleration and angular velocity. The UWB onboard the UMIMU
sensor platform is controlled by the clock of the microcontroller of the sensor
platform. The UWB update rate depends on the number of rangings requested
within one update and was recorded at an update rate of 15 samples per second (with
4 UMIMU s in a fully connected swarm). Each UWB update is attributed to the same
time instant as the last MIMU update. This yields a synchronization uncertainty of
10.0099s between the UWB data and the MIMU data. This paper only utilizes the
UWB sensors in the UMIMU modules, while the MIMUs on-boatd are only used

for synchronization between the UWB and camera-based motion analysis system.

Figure 4.3: a) UMIMU sensor module; b) Sensor holding rig with reflective markers; c)
Experimental setup with UMIMU sensor fixed to the rig.
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For the purpose of validation and for obtaining data necessary for the calibration

algorithm such as E and q;, a camera-based motion analysis system Vicon (Vicon
Motion Systems Ltd, Oxford, UK) was used due to its capability of sub-centimeter
level accuracy for marker position estimation. A special sensor-holding rig with
reflective markers (Figure 4.3b) was designed to aid the estimation of the necessary
parameters. The rig had three reflective markers (labeled M1 to M3) mounted on
sticks (Figure 4.3b and 3c). A local right-handed reference frame was derived for
each rig from the three markers. The UWB casing frame origin, P; was defined as
being located at the right-bottom corner of the sensor PCB (yellow dot, Figure 4.3a).
The casing reference frame X-axis and Y-axis were defined parallel to the ribs of the
PCB and the Z-axis was defined perpendicular to the rig base plate. For consistent
estimation of the sensor otientation q; and position P;, the sensors are always
aligned to the two sides of the rig base as seen in Figure 4.3c. This is followed by an
initial rig calibration procedure performed before the start of the distance-bias
calibration protocol. The rig calibration procedure was a static measurement of the
rig markers along with the UMIMU sensor mounted with an additional temporary
marker placed on the position P;. This static measurement was used for deriving the
relation (translation and rotation) between the rig reference frame and the sensor
frame. This then would be applied for the calibration measurement with the marker
on P; removed to avoid possible interference of the marker on P; with the UWB
antenna function. The orientation of the sensor rig g; was defined as the orientation
of this local rig reference frame with respect to the global reference frame (defined

by the global Vicon system reference frame).

Calibration experiment/protocol

The distance-bias calibration algorithm requires an input dataset that consists of a
wide range of sensor distances and different sensor orientations to facilitate the
convergence of the optimization process across different scenarios and conditions.
Therefore, in each calibration session, a series of sensor node movements wetre
chosen to contain sufficient vatiations in node distances and orientations in a

volume of interest for the intended application of analysis of human movement.

The experimental validation was performed with the UMIMU sensor system, and a

reference optical motion capture system as described in Section 4.2.4. The
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calibration was performed by two persons moving two wooden sticks, with a sensor-
holding rig with a sensor attached to the end of each stick (Figure 4.4, right). Maximal
care was taken to prevent any interference or NLOS situation through the bodies of
the 2 persons performing the calibration protocol. Two sets of 4 sensors were used
for the experimental validation, and they were named Set-A (sensors 1, 2,3 and 4)
and Set-B (6,7, 8 and 9). Sensor 5 was assigned to be the controller/listener for both

sets.

Two calibration movement protocols, differing in the movements made were
performed to test the optimization performance. In protocol 1, two persons held a
calibration stick with a rig and sensor in each hand, while facing each other, (Figure
4.4-left) and made random free-arm movements while the persons remained in the
same position for the duration of the protocol. In protocol 2 the two persons start
in the same position and pose again facing each other while making random free-
arm movements. In addition, they moved slowly in circles of about 1.5m in diameter,
while keeping the same distance, facing each other and keeping the sticks in between
them, again maximally avoiding any NLOS situation. Both protocols were
performed for both set A and set B. All measurements lasted approximately 3

minutes and were repeated twice, yielding ‘trial 1” and ‘trial 2’ for each protocol.

Figure 4.4: Calibration protocol situation with four UWB nodes labeled N1 to N4 along with the
reference VICON system cameras (left) and the calibration stick with the sensor setup (right).

109




Chapter 4

For each protocol, only the first 800 samples of the data from trial 1 (the ‘training
set’) were fed into the calibration optimization process. Since the optimization
algorithm was developed for sets of three sensors, this procedure was repeated for
all four possible subsets of both set A and set B. For set 1, the four subsets were
named set-123, set-234, set-341 and set-412. Similar naming was given to the subsets

of set B. The optimization was then repeated 30 times for each of these
—

combinations. The estimated values of Cs and eb; with the lowest residual error in

a set of 30 optimizations were considered as the final estimates. As the results of all

four subsets yielded more than one estimate, the final estimates for the values of eb;
—
and Cy were computed by averaging the resulting values for eb; (2 for each sensor)

and FS) (4 estimates) respectively.

In the experimental validation, it is not possible to directly compare the estimated

distances after calibration against its ground truth values, because the gold standard

—_—

reference system does not deliver ground truth values for Ky, and therefore not for

D; . Instead, it only delivers ground truth values for E) Therefore, estimated

distances after calibration were validated against a virtual ground truth value for D; ;,
—_—
named Dy ; j, being the distance between the virtual K, values that were estimated

— —
from known values of P, and g; from Vicon and the estimated values Cg from the
optimization results. First, validation was performed for the values from the training
set. Then a validation was performed for a ‘validation set’ containing the remaining

values of trial 1 and trial 2 for each protocol.

Calibration process pipeline

In the swarm calibration process pipeline (Figure 4.5), first the positions of the
markers attached to the sensor node rig were estimated through the Vicon system.
Secondly, the UMIMU sensor nodes provided the distance estimates, Dyyp i, j (as
well as all 3D orientation, angular velocity and acceleration estimates, for future

studies) of each node in the network. The position estimates of the Vicon system

—

were used to obtain the orientation q; and the vector to the UWB casing point, F,.
This information was also used to estimate the distance between the sensor nodes

Diyye which then was later used for estimating the accuracy of the UWB distance
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estimates Dy,,,p. Synchronization of the UMIMU and Vicon systems was done by
lining up the acceleration magnitude estimates of both systems for the same
node/tig (applying a cross-cotrelation approach) measured at 100 samples per

second.

Figure 4.5: Schematic of the distance-bias calibration process pipeline.
4.2.5 Data analysis

For both validation with simulated synthetic data and with experimental data the
accuracy of the swarm calibration method was computed for each condition through
estimated confidence intervals and correlation coefficients between UWB-based and

ground-truth reference estimates. Additionally for the synthetic data, the accuracy

of estimation of the values of Cgand eb; were computed based on a direct

comparison between the values used as input for data generation and the values of

Csand eb; estimated by the swarm calibration method. Reproducibility and
consistency of the distance-bias calibration method were evaluated for both the
generated and synthetic data sets through statistical moments of the distributions of

the 30 calibration results per set and summarized over all the generated sets.

4.3 Results

4.3.1 Validation results with synthetic data

For the synthetic data, the distance estimates after calibration were clearly more
accurate than the ones before and very closely followed the ground truth distance

measures, as illustrated in a typical example (Figure 4.6).
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Figure 4.6: Typical example of distance estimates before (green) and after calibration (red) along
with their reference distance (blue) for the synthetic data set.

The distance-bias calibration has successfully removed the systematic bias
component in the distance estimates, which have significantly reduced from around
35 cm to around -0.4 cm. The mean distance error before the calibration varied

widely between the data sets generated, as they were based on the input values of

ES) and eb; (Figure 4.7). The mean distance errors before calibration over all the 30
data sets were 35.1111.1 cm, 35.5211.0 cm and 36.0£12.3 cm for the ranging sensor
pairs 12, 13 and 23 respectively (Figure 7-Top).

Figure 4.7: Mean and standard deviation (whiskers) of distance errors before (top) and after the
calibration (bottom) for all the 30 synthetic data sets generated of the three ranging sensor pairs.
The dotted red lines are 2 cm away from the graph’s origin line on both the positive and negative
axes.
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The standard deviation (SD) values of these errors before calibration were a direct
result of the noise parameters set for the synthetic data generator (Section 4.2.3) and
were around 2.5 cm. The average distance errors after calibration over all the 30 data
sets with unique E; and eb; values were -0.46£2.58 cm, -0.3522.60 cm, -0.35%2.53
cm for the ranging sensor pairs 12, 13 and 23 respectively. The SD values of the

errors after calibration were again around 2.5 cm (Figure 4.7-Bottom).

For all three simulated sensors, the mean absolute errors (MAE) of the estimated
bias values eb; were always less than 1 cm for almost all the 30 different data sets
(Figutre 4.8-Top), with one outlier in synthetic data set-4 (MAE of 1.70 cm for eb,).
For all the 30 data sets, the average of the MAE in bias estimation was 0.33£0.34
cm, 0.3110.22 cm and 0.30£0.24 cm for eb,, eb, and ebs respectively. The MAE
of the estimated UWB center point, Cg was always less than 0.75 cm for almost all
the 30 different data sets (Figure 4.8-bottom), except for one of the three
coordinates for three data sets (MAE of 1.1 cm for Cy in data set-11; MAE of 1.31
cm and 1.14 cm for C,, in data set-13 and 19 respectively). For all the 30 data sets,
the average of the MAE in UWB center point estimation was 0.3720.32 cm,
0.38+0.24 cm and 0.21£0.09 cm for Cy, €y, and C, respectively.

Figure 4.8: Bias estimation errovs for all three sensors (Top) and the UWB center point estimation
errors (Bottom,) for the synthetic data set.
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The repeatability of the optimization is indicated by the residual error of the
optimization procedure for iteration within a specific data set and is found to be very
consistent over the 30 data sets (Figure 4.9). The average error of the mean residual

errors over all the data sets was estimated to be 2.2 cm with an SD of 0.1 cm.

Figure 4.9: The residual error of the optimization procedure for all the 30 data sets in the synthetic
data set.

4.3.2 Validation results with experimental data

Similar to the synthetic data set, the distance estimates after the calibration for the
experimental data were clearly found to be more accurate than those before and
closely followed the ground truth distance values. This is illustrated in a typical

example of the distances measured between two nodes in an experiment (Figure

4.10).

Figure 4.10: Typical example of distance estimates from UWB sensors before calibration (green)
and after calibration (red) along with their reference distance (blue) from the Vicon optical system
concerning the experimental data.

For the experimental training data set, the distance-bias calibration has removed the
systematic bias component in the distance estimates, which have reduced from

around 3.7 cm and 2.1 cm to around 0.5 cm and -0.5 cm in protocol 1 and protocol
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2 respectively (Figure 4.11). The random distance errors before calibration for each
of the 12 ranging combinations were around 11.0 cm and 12.0 cm in protocols 1
and 2 respectively. After applying calibration these only improved marginally to 9.7
cm and 10.6 cm in protocol 1 and 2 respectively, though the distance-bias calibration
is not intended for dealing with the random errors. The mean distance errors after
the calibration for almost all individual ranging combinations improved in both
protocols applied, except for a single ranging sensor pair 89 in protocol 2. This

specific pair had a higher mean error of -7.3 cm (Figure 4.11).

Figure 4.11: Mean distance estimation error before (blue) and after (rved) distance-bias
calibration for each ranging combination for both the protocols validated for the experimental
training data set. Dots represent the systematic distance estimation ervors, and the whiskers
indicate the distance estimation errvor SD, that is random error component. The dotted red lines
are 2.5 cm away from the graph’s origin line on both the positive and negative axes.

For the experimental validation data set, similar to the previous results distance-bias
calibration has removed the systematic bias component in the distance estimates.
The systematic errors have reduced from around 2.5 cm and 2.6 cm to around -0.3
cm and -0.5 cm in protocol 1 and protocol 2 respectively (Figure 4.12). The random
distance errors before calibration for each of the 12 ranging combinations were
around 11.4 cm and 11.5 cm in protocol 1 and 2 respectively. After applying
calibration these only improved marginally to 10.2 cm and 10.5 cm in protocol 1 and

2 respectively. Similar to the training data set, mean distance errors after the
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calibration for almost all individual ranging combinations improved in both
protocols applied, except for a single ranging sensor pair 89 in protocol 2. This
specific pair had a higher mean error of -7.7 cm (Figure 4.12). In addition, the mean

systematic errors before the calibration for all the sensor ranging combinations when
—
compared against the distance between the P, (without considering the orientation

—
of the sensor, i.ec., estimated C;), were -4.5 cm and 4.6 cm in protocol 1 and 2
respectively. For all the optimization combinations the mean residual error at
solution convergence was always around 5 cm. Also, the mean residual value of all

the iterations is 5.91 cm with an SD of 2.51 cm.

Figure 4.12: Mean distance estimation ervor before (blue) and after (red) distance-bias
calibration for each ranging combination for both the protocols validated for the experimental
validation data set. Dots represent the systematic distance estimation errors, and the whiskers
indicate the distance estimation ervor SD, that is random error component. The dotted red lines
are 2.5 cm away from the graph’s origin line on both the positive and negative axes.

4.4 Discussion

Over all tested situations the distance estimates were found to be substantially closer
to the true distance values after applying the proposed distance-bias calibration
method. For both the validations with synthetic data and experimental data, the
estimates for distance D; j consistently showed a higher accuracy with the distance-

bias calibration procedure applied than without (Figure 4.6 and Figure 4.10). After
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calibration, systematic estimate errors were consistently around or below 0.5 cm for
both validations. The non-lineat optimization procedure did consistently converge

over multiple repetitions for each condition.

For the synthetic data, the systematic errors of the full procedure reduced
significantly from around 35 cm to -0.4 cm, and the distance error magnitude was
consistently lower than 2 cm for all the 30 underlying unique data sets used. The

accuracy of the distance-bias calibration method in estimating the values of the

unknown UWB center point vector, ES) and the ranging bias errors eb; was only
directly validated with the synthetic data set, since it is not possible to assess their
true values directly in the experiments. The estimation errors in these parameters
were consistently found to be at a sub-centimeter level over all 30 different synthetic
data sets (Figure 8). All validation results for the synthetic data support the

conclusion that the distance-bias calibration procedure seems capable of consistently

—
improving distance estimates to the desired level by accurately estimating of Cg and

ebi.

For the experimental data, a very similar consistent improvement of applying the
distance-bias calibration was found as for the synthetic data. Distance-bias
calibration performed almost equally for both the protocols tested with the residual
systematic bias being -0.3 cm and -0.5 cm in protocol 1 and protocol 2 respectively.
Although the difference in performance was very small between the two protocols
overall performance of protocol 1 is better than the other. This could be due to the
nature of movement in protocol 1 where the subjects performing the calibration
were standing still and probably had minimal chances of introducing accidental
NLOS, which can occur when subjects are moving as in protocol 2. It can be
observed that the reduction in the total distance error magnitude after calibration
was mainly due to the removal of the systematic bias component, while the random
error component remained largely unaffected. This is consistent with the intended
purpose of the proposed calibration, which addresses deterministic sensor-specific
biases rather than stochastic measurement noise. The sub-centimeter reduction in
systematic error therefore represents an improvement in accuracy within the context
of 3D human-movement analysis, even though the overall error variation (SD)

changed only slightly. The random component of the distance error (SD) was
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comparatively larger than the ones found for the synthetic data set. For the

—
experimental data, the estimation accuracy of Cg and eb; were not validated directly
as they cannot be measured with a reference method. However, the estimates for
the effective UWB center point C; position was found to be close to the position of

the antenna center position within the casing.

The proposed calibration algorithm delivered very reproducible distance estimation
accuracy results as illustrated by consistent SD values of the low residual errors

achieved ( Figure 9). For the synthetic data set these were consistently close to each

other over 30 permutations within each combination of input parameters Cg and eb;

with SD values always lower than 0.1 cm. Also, the estimates of the unknown

parameters ES) and eb; were consistently close to the true value for all tests with
synthetic data. The residual errors for the experimental data also showed good
reproducibility (SD 2.5 c¢cm). For the experimental data, the results for distance
estimation resembled the ones for the simulated synthetic data set in their consistent

strong improvement of accuracy in the estimation of distance D; j. This suggests

that for the experimental data, the values for eb; (as well as Cg) were also estimated

with similar accuracy as for the synthetic data.

All other calibration methods proposed in the literature calibrate parameters at the
hardware level, in attempts to directly correct for sources of the error [138,143-146].
They mainly address etrors of clock drifts, and antenna delays directly. However, the
distance-bias calibration method proposed in this paper is a more phenomenological
approach directly addressing the observed errors. Therefore, a direct compatison
against these other methods is not possible. Additionally, the proposed calibration
was performed with the UWB sensors that were first calibrated at the hardware level
(antenna calibration). Residual systematic errors of around 3cm were present even
after the antenna calibration in the distance ranges (Figure 4.11 and Figure 4.12).
Thus, the proposed calibration appears to reduce the systematic errors significantly
over all of these other calibration methods at the hardware level [138,143-146], which
report systematic errors of less than 3 cm [145], and around 6 cm [143], 7 cm [144], 5
cm [138] and 29 cm [146] respectively. Though [145] had achieved accuracies closer
to our proposed method have only been wvalidated in a controlled static

measurement, while the validation in this study is during a more dynamic movement.
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Also, the smaller systematic errors achieved with the proposed distance-bias method

indicate that apparently, none of them tackles all error sources sufficiently.

Additionally, the effect of the orientation differences between UWB sensors for the
ranging error is not considered in any of the research mentioned above. Though
differences in the errors based on orientation between the ranging sensors were
observed [142], it was still ignored for the calibration. In the proposed distance-bias

calibration this orientation effect is considered by introducing the UWB center point

—_—

vector, Cy in the calibration model. The effect of neglecting the effect of relative
orientation of both UWB sensors in a ranging operation was verified by the higher
errors in the uncalibrated distance measures compared against the measured casing

origin point vector when compared to the errors validated against the distances with

—
the Cy considered. Also, when the UWB modules used are bigger, then the errors
will be bigger when the orientation effect is ignored. Therefore, the orientation effect
has a significant contribution, and the proposed distance-bias method does

compensate for this effectively.

The calibration algorithm in this article is only proposed for a swarm of three
sensors, however, this could be further expanded based on the same equations and
methods proposed. Expanding the equations for more sensors however increases
the computation cost of the optimization, especially since an increase in each sensor
node will lead to n-1 additive factorial number of equations (Equation 4.8). Thus, a
practical approach would be to split the total sensor set available into sets of 3 for
optimization. Whether repeating this process in other permutations of the sensor
groupings and averaging results (like was done in this study for practical reasons)
would improve overall calibration accuracy is subject to further studies. The same
applies to investigating whether expanding the equation and performing
optimization for larger sensor sets is possibly improving accuracy. Also, although
attempts were made, the experiments in this study could possibly contain data
samples from NLOS situations, which are expected to deteriorate the quality of the
calibration outcome. Possibly the calibration procedure could be improved by
avoiding NLOS situations 100% by design or by detection and removal of values

from the calibration recordings that are affected by NLOS errors.
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Proposed distance-bias calibration is considered to be a one-time calibration to be
performed in clear LOS with no external interference, after performing the antenna
calibration recommended by the manufacturer and before first use. However, the
validity of the calibration over time is yet to be tested. Also, in terms of the
infrastructure required for generating reference data for this calibration procedure
complex systems such as the optical motion capture system could possibly be
substituted with MIMU-based, or preferably UMIMU-based, reference data
generating methods. Also, the manual performance of the calibration protocol
movements could be possibly replaced by movements performed by a robotic

system, especially in an in-factory calibration procedure.

The distance-bias calibration method appeared to be capable of consistently
removing a large part of the observable systematic errors in the distance estimates.
This supports the validity of the main underlying assumption that these errors can
be attributed to individual sensors as additive errors, within the tested distance range,
relevant for application in only on-body applications for 3D analysis of human
movement. A practical consequence of the fact that the proposed distance-bias
calibration method only acts on the observed distance estimates and sensor
orientations is, that it can be applied to data acquired with any similar UWB ranging
system without access to internal UWB sensor hard- or software settings. The
distance-bias calibration deals only with the systematic errors and the UWDB sensors
could provide accurate distance estimates with a very low residual systematic etror
in clear LOS situations. However, additional errors due to the external interferences
and NLOS are expected in the intended application scenario. Therefore, these errors
due to the external interferences and NLOS situations should be further studied for
the successful application in human movement analysis. It is expected that the
improved accuracy in UWB distance estimation within the relevant distance range
under LOS conditions facilitates future development of improved 3D position
estimation through smart data fusion algorithms applied to data from a swarm of
integrated UWB and MIMU sensors on the human body (UMIMU sensor system)

in the intended application of ambulatory 3D analysis of human movement.
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4.5 Conclusion

In this article, a novel distance-bias calibration algorithm was proposed for
minimizing the apparent systematic UWB sensor distance estimate errors, assuming
these are attributable to fixed contributions of individual UWB sensors in a swarm
network. This is done by exploiting the redundancy in the distance estimates in a
tully connected sensor swarm. The performance of the distance-bias calibration
algorithm is validated with a synthetic data set and with an experimental data set on
multiple swarms of 3 sensors. The validation with synthetic data confirmed the
calibration algorithm’s capability to reliably converge and estimate the systematic
error parameters attributed to the different sensors with high and consistent
accuracy. The validation with experimental data within a distance range relevant for
future application in the 3D analysis of human movement further confirmed that
the calibration protocol can reduce the systematic error component consistently to
below or equal to 0.5 cm in magnitude, which is more accurate than any other
methods reported in the literature. It was also shown that at these accuracy levels, it
is also essential to represent the UWB sensor module position not by a reference
point on the sensor casing, but by the actual effective positions within the casing of
the 2 sensors that the UWB ranging hardware uses for distance estimation. This
requires simultaneous observation during the calibration measurements of both the
sensor casing positions (by the reference system) and their 3D orientations (by the
MIMUs or the reference system). As a byproduct, the calibration procedure also
delivers these effective positions with respect to the sensor casing reference frames
consistently within the antenna surface of UWB nodes. The accuracy levels achieved
with the proposed method promise to facilitate future development of improved 3D
position estimation methods through a smart data fusion approach applied to a
swarm of integrated UWB/MIMU sensors (UMIMU sensor swarm) with an
accuracy required for clinically relevant applications in ambulatory 3D analysis of

human movement.
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Abstract

Ultra-wideband (UWB) is a promising technology for indoor position estimation for
various localization applications of object swarms, such as in 3D analysis of human
movement with multiple on-body sensors or a swarm of drones in an indoor
environment. However, most UWB-only position estimation methods are based on
a star topology, where the position of a mobile node is estimated using distances
from several fixed anchors. These approaches ignore the valuable inter-node
distance estimates, possible in a fully-connected ‘Swarm’ topology, which could
provide more redundancy in the set of available distance estimates used for the
position estimation. This would improve the accuracy and consistency of the
position estimates. Also, published studies do not analyze how input measurement
errors affect the final position estimates, which makes it difficult to assess the
reliability under varying conditions. Therefore, this study first proposes a UWB
swarm optimization-based position estimation method that utilizes all available
internode distances to enhance accuracy and compare against the traditional
trilateration method that utilizes the star configuration. All validations were done
with synthetic UWB data, to enable testing all input error situations. The
comprehensive error sensitivity analysis was conducted to evaluate its robustness
under varying noise conditions. The proposed method consistently outperformed
trilateration, with position estimation error around 5.7 cm for realistic UWB distance
input estimates, while for higher noise conditions, the proposed method had errors
around 6 cm lower than the trilateration method, which had position estimation
errors around 19 cm. This study demonstrates the general potential of the Swarm
optimization-based method for position estimation as a more accurate and

consistent alternative to traditional star-based trilateration methods.
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5.1 Introduction

Ultrawide-band (UWB) has emerged as one of the promising technologies for
indoor localization and position estimation applications. This is mainly due to their
relatively low cost, low power consumption, large bandwidth, and robust
performance [148]. Besides, the UWB-based positioning currently offers the highest
accuracy and can achieve sub-decimeter accuracy for indoor positioning among
other wireless communication modalities used for positioning, such as Wi-Fi,
ZigBee, Bluetooth, and radio frequency identification [149,150]. However, in
practical applications, achieving higher accuracies is only feasible in clear line-of-
sight (LOS) conditions, such as free unobstructed spaces [123]. In typical indoor
environments, the UWB positioning accuracy is often degraded by the presence of
various obstacles such as furniture, human bodies, and structural elements. These
obstructions create non-line-of-sight (NLOS) conditions and introduce additional
errors on top of the baseline noise and bias observed under LOS conditions, leading

to inaccurate position estimations [124,151].

To improve positioning accuracy, UWB is often combined with other sensors such
as Magnetic Inertial Measurement Unit (MIMU) [151,152], LIDAR [153], or vision-
based systems [154] through data fusion techniques, such as (Extended-) Kalman
filters. These multimodal data fusion-based approaches have significantly improved
position estimation performance. Among these sensor combinations, the integrated
UWB and MIMU sensors have shown immense potential and have been increasingly
explored in recent research [65,78,152]. This is attributed to the complementary error
characteristics between MIMU and UWB. Specifically, position estimation
algorithms that rely on MIMU sensor data usually suffer from integration drift,
leading to errors that increase over time [42,43]. However, they are generally
unaffected by NLOS conditions as observed in UWB. In contrast, UWB sensors
provide position data that is free from drift by using absolute distance
measurements, while they are disrupted in NLOS environments [57,65]. Therefore,
this specific combination of the UWB/MIMU achieves a higher accuracy than each
of them used independently and is now widely utilized for positioning/localization

applications such as pedestrian navigation, autonomous robotics, and drones.
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Though the UWB/MIMU combination has been successfully applied for indoor
localization, pedestrian navigation, and robotic applications, they have not yet been
widely adopted for the 3D analysis of human movement (3D AHM) and clinical
applications that demand very high-accuracy position estimates of multiple moving
nodes on the human body [119]. In these high-accuracy applications, the position
estimation errors are expected to be around 1 cm or lower [119], while the accuracy
currently achieved by these integrated UWB/MIMU sensor systems is still not
sufficient for such high-accuracy applications, with reported position estimation
errors in pedestrian navigation around 10 cm or higher [119,148,155]. Studies suggest
that the MIMU component in the widely adopted UWB/MIMU fusion approach
has already been extensively optimized to achieve the current state-of-the-art
accuracies [156]. As a result, to further enhance accuracy in such data fusion
frameworks, it is required to improve UWB positioning accuracy itself. Enhancing
UWB performance can be addressed in two aspects: (1) improving distance
measurement of the UWB (UWB ranging) and (2) refining position estimation
algorithms based on UWB distance measurements. Within the 15t aspect
improvement, several studies have attempted to improve UWB ranging accuracy
through calibration techniques and error modeling approaches [138,143-146,156],
reducing distance estimation errors to a residual bias of approximately 0.5 cm [156],
and with a random error component of around 5 cm [138]. This study focuses on
accuracy enhancement on the 2nd aspect through using more effective computation
strategies by developing and validating advanced algorithms to estimate position

from distance measurements in a fully-connected UWB node Swarm.

Most UWB position estimation algorithms rely on distances measured between three
or more fixed UWB sensor nodes at known positions, usually referred to as anchors,
and mobile UWB nodes with unknown positions, referred to as mobile nodes, to
estimate their positions. This configuration follows a star topology where distances
are measured only between the fixed anchors and each mobile node in the network.
The existing position estimation algorithms can be generally classified as linear
positioning algorithms (non-iterative) and non-linear positioning algorithms
(iterative/recursive) [157]. Linear algorithms, such as trilateration [158] and least
squates approaches [159], estimate position based on geometric relationships. Non-

linear or iterative algorithms, on the other hand, depend on advanced mathematical
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frameworks, such as Taylor series approximations [160] or filtering techniques like
an Extended Kalman Filter (EKF) [161] and Unscented Kalman Filter (UKF) [162],
which incorporate motion models or data from additional sensors to refine position
estimates. However, despite these advancements, most existing methods still
struggle to provide the high accuracy required for applications such as clinical human
movement analysis, where position estimation errors around 1 cm are sought [119].
Reported errors for only UWB-based positioning for most of the studies are around
10 cm [163-168], with the lowest achieved position estimation error being around 3
cm [168], achieved in a static LOS measurement scenario. These reported errors
exceed the acceptable thresholds even in LOS conditions for applications
demanding precise localization, making it necessary to explore alternative

approaches to improve accuracy and robustness.

One of the key limitations of existing UWB positioning algorithms is their
dependence on a star topology, where distances are measured only between anchors
and one or more mobile tags in the network. This approach ignores the valuable
internode distance information between all the mobile nodes connected in the
network that could be exploited to enhance position estimates. Theoretically, a
minimum of three anchors is required for 3D positioning with traditional star
configuration [169], while a redundancy in star configuration can be achieved with
having higher number of anchors [75,114]. This could potentially aid in improving
accuracy through optimization-based techniques, however, this configuration with
increased anchors requires a more sophisticated infrastructure and expensive setup
[114]. In addition, studies have shown that though the increased anchors could
provide redundancy to help improve position estimation, they also introduce more

errors and uncertainty, thereby causing instability [115,116].

Therefore, to address these limitations while utilizing the minimal number of
anchors (3 anchors), a swarm-based topology where all available internode distances
(which also includes distances between all mobile nodes) are utilized for position
estimation, was explored in this study. This could also help minimize the dependency
on a large number of anchors and could make it possible to have redundant data
with a minimum of three anchors and two or more mobile nodes. Additionally, while
many existing UWB positioning algorithms have been validated, most studies do not

specify the input distance measurement errors used during evaluation, and no
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analysis of how input measurement errors affect final position estimates is conducted.
Without this information, it is unclear under what conditions the reported accuracy
can be reproduced, making it difficult to assess the method's performance in real-
world scenarios. Therefore, it is important to explicitly evaluate how varying input
error conditions in the distance estimates influence the resulting position estimation

accuracy to ensure applicability in real-world scenarios.

To address these gaps, in this study, first, a non-linear optimization-based algorithm
that utilizes the redundant internode distance measurements available in a swarm
topology with a minimal anchor setup to improve localization accuracy is proposed,
the ‘swarm optimization algorithm’. The proposed method is validated with
synthetically generated UWB distance data, created through controlled experiments
where a high-precision optical motion capture system is used as ground truth for
evaluating the estimated positions. To further validate the effectiveness of our
approach, we compare its performance against the widely used trilateration method.
Following this, an input error sensitivity analysis to evaluate the robustness of both
methods under varying noise and bias conditions was conducted. The novelty of this
work lies in introducing and evaluating a swarm-based optimization algorithm to
identify its capability to enhance the accuracy and consistency of UWB positioning,
as well as to present a comprehensive error sensitivity analysis providing valuable
insights into how different input error conditions impact both our proposed method

and trilateration.

5.2 Methods

5.2.1 UWB node swarm configuration

In this study the measurement system configuration (Figure 5.1) includes a total of
n UWB nodes, where three nodes act as anchors which are placed at fixed, known
positions within the measurement region (orange nodes in the figure), while the
remaining n — 3 nodes are the mobile nodes (yellow nodes in the figure) that are
attached to the subject/object being tracked. Within this study, UWB nodes are
expected to determine inter-node distances based on Time of Flight (ToF)
measurements, a commonly employed technique in commercial UWB systems [147].

Here, the ToF calculations are obtained using the Alternative Double-Sided Two-
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Way Ranging (AltDS-TWR) method [137], which improves accuracy by mitigating

clock drift errors between devices.

@ UWB nodes in fixed known location
© UWB nodes on measurement subject
<> UWSB distance ranging

Figure 5.1: UWB measurement configuration and illustration of the swarm topology.

The UWB nodes operate in a swarm topology, where each node measures its
distance to all other nodes in the system, forming a fully connected network (Figure

5.1). Given a total of n UWB nodes in the system, where 1 = Ngpcpor + Neag, With

Nanchor tepresenting the number of fixed anchors and Mgy representing the

number of mobile tags, the number of distance measurements differs based on the
topology used. For a swarm topology configuration with n UWB nodes, the total
number of distance measurements Mgy, q,m generated for each measurement cycle

correspond to the triangular number of pairwise rangings and is given by:

_nn—-1)

Mswarm - 2 51

In compatison, the star topology configuration with the same n UWB nodes

generates a total number of distance estimates Mgyq, thatis a product of the number

of anchors and tags, and is given by:

Mgiar = Nanchor X Ntag 5.2
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For example, if there is a UWB system with 3 anchors and 2 mobile tags (a total of
5 UWB nodes), the swarm topology will provide a total of 10 unique pairwise
distance measurements, while the star topology will provide a total of 6 (2 times 3)
pairwise distance measurements. Therefore, the swarm topology configuration
utilized in this research provides more distance estimates, which are valuable for

optimization-based relative position estimation.

5.2.2 Proposed swarm position estimation

An optimization-based estimation method was implemented in this study to
determine the unknown positions of N,y mobile sensor nodes in a swarm, based
on all available inter-node UWB distance measurements, with N gy cnor fixed anchors
in a network of n UWB nodes (N = Ngpcpor + Neag)- The UWB distance data is
initially filtered for eliminating noise, which is followed by a position estimation
using a nonlinear constrained optimization approach (Figure 5.2). Additionally, an
iterative refinement loop is included, which repeats the optimization until the RMSE
of the measured distance and estimated distances from positions estimated via

optimization is below a set threshold or has reached the maximum iteration count.

Figure 5.2: Proposed swarm position estimation pipeline

UWB measurement preprocessing

The UWB distance measures are initially filtered using a moving average filter to
reduce the influence of high-frequency noise in UWB distance measurements. To
preserve the responsiveness to actual movement, a moving average filter with a
window length equivalent to 0.5 seconds was selected for smoothing. This means
that for a UWB measurement system measuring at 4 samples per second, a window

of 2 samples is applied, while for a UWB measurement at 20 samples per second, a
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window of 10 samples is applied. To eliminate phase lag, a forward and backward
filtering approach was used, ensuring zero-phase distortion and accurate temporal
alignment. This is equivalent to a low-pass 2nd-order filter with a Cutoff frequency
of around 0.9 Hz, with zero delay or phase shift. The choice of a window of 0.5
seconds duration balances noise suppression and real-time performance, considering

typical human movement velocities between 0.5 m/s to 2 m/s.

Swarm optimization-based position estimation

The position estimation of mobile UWB nodes from the distance measurements was
implemented through a Sequential Quadratic Programming (SQP)-based nonlinear
optimization approach (Constrained Nonlinear Optimization function, LabVIEW
2021), which was set up to find the optimal solution for the mobile sensor positions
given the measured distances. For this, a set of equations was derived for the

relationships between positions and distances, and an optimization criterion was

defined.

The distance between any two sensor nodes [ and j, can be estimated based on

standard 3D Euclidean formula utilizing the position coordinates of the two sensor

nodes @ and J, and this estimated or reconstructed distance d;j is given as:

d;j = \/(xi —%)" + (=) + (2 - 2) >3

~

where d;j represents the estimated distance between sensor i and j, while
(xi, yi, 2;) and (xj, Y Zj) denote their respective 3D coordinates. This yielded a

setof n(n —1)/2 equations, for a set of n UWB nodes in the network.

The optimization objective was defined as finding the minimum of the root mean
square differences between the measured and estimated positions of the mobile

sensors (or the root mean square error (RMSE) in estimated position):

1 5 N\2
minf(0) = |- > (dy - dy) 54

(L.j)ep
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Where P is the set of all unique unordered sensor node pairs (i,f) and M is the

number of sensor node pairs in a swarm configuration.

The measured distance values between all nodes d;; are preprocessed (Section-UWB
measurement preprocessing) and used as inputs for the optimization algorithm.
Depending of whether i and j is anchor node or mobile node, their coordinates are
taken either from the known anchor positions or the optimization variable x. This
reconstruction of distances using the Euclidean formula results in a system of n(n —
1)/2 nonlinear equations with 3(n — 3) unknowns (as three fixed sensor positions
are known in 3D space). In this study in a system with 9 UWB nodes, there are 36
distance measurements, leading to 36 equations and 18 unknowns. This results in an
overdetermined system with more equations than the number of unknowns and is

solved through optimization.

The UWB swarm topology provides n(n —1)/2 unique pairwise distance
measurements per update cycle for a set of n UWB nodes (section 5.2.1). As three
UWB nodes were placed at fixed, known positions (in order to accommodate both
star and swarm approaches), their position values were filled out in the equations as
given constants. Only the positions of the remaining 1 — 3 mobile sensor nodes
needed to be estimated. The unknown 3D positions of these n — 3 mobile UWB

nodes were concatenated into the optimization vector:
— T -
X = [X1,Y1,20,%2, Y2, 22+ X¥ne3, Yn3) Zn—z]’ € RE™D 55

The formulated optimization problem was solved using the Sequential Quadratic
Programming (SQP) method [170], a widely used iterative technique for constrained
nonlinear problems, where each step involves solving a Quadratic Programming
(QP) subproblem that locally approximates the original nonlinear objective and
constraint functions. At each iteration, the QP linearizes the constraints and
approximates the objective using a second-order Taylor expansion. Following this,
a line search is applied for merit functions to update the estimates, and the solution
is iteratively refined until convergence is achieved. This SQP method was chosen
due to its effectiveness in minimizing nonlinear least-squares problems, its ability to

enforce physical constraints such as the UWB node positions bounded within a
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defined measurement region, and its high accuracy and convergence properties in

moderately sized problems like 6 unknown mobile tag positions in our tested case.

The optimization method was initialized with well-defined initial start position
estimates at the first update cycle, where the start position was set at approximate
sensor node locations that were determined using prior knowledge of their expected
placement relative to the fixed sensor nodes. For subsequent time steps, the
estimated positions from the previous time step were used as the initialization for
optimization. For the experiments in this study, the search space was constrained to
the actual measurement region with the minimum and maximum bounds set at

[—2m, 2m)] in the X and Y dimensions and at [Om, 2m] in the Z dimension.

An additional iterative refinement loop was introduced to improve robustness and
avoid convergence to local minima. After each optimization cycle, the estimated
positions were used to compute the reconstructed distances. If the distance
estimation error exceeded a predefined threshold equal to the standard deviation of
the random error component of the UWB distance measurement, the optimization
was re-run with adjusted initial values. These adjustments involved adding small
random perturbations (+1 cm) to the previous initialization to explore alternate
solutions. This process was repeated until either the estimated distances closely
matched the measured distances (i.e., RMSE fell below the threshold) or a maximum
of 10 iterations was reached. If the threshold was not met within the allowed
iterations, the solution with the lowest RMSE was selected as the final position

estimate.

5.2.3 Trilateration-based position estimation

The standard trilateration-based approach [158] based on geometric technique was
implemented for UWB position estimation, considering distance estimates that
correspond to the star configuration. The UWB distance measures were initially
filtered as mentioned in Section-UWB measurement preprocessing, to have the same
input quality as used for the proposed Swarm method. In this method, the positions
of each of the mobile UWB nodes were determined using their measured distances
with all of the fixed sensor nodes and the known locations of the three fixed UWB
nodes in the network. Since each known distance represents a sphere of possible

mobile sensor positions centered at the corresponding fixed sensor node, the best
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estimate of the position of the intersection of these sphetes in a 3D space is taken
as the position estimate for the mobile sensor node. This results in a set of three
Euclidean distance equation (equation 5.3) between each mobile node and the three
known fixed sensor nodes. Solving for this set of equations provides two
intersection points. Due to the positioning of the fixed nodes, only one of the two
possible solutions can be identified as being inside the measurement area is taken as

an estimate for the position of the mobile node.

Figure 5.3: Trilateration-based position estimation process pipeline

5.2.4 Experimental validation

Sensitivity analysis with synthetic UWB distance estimates

The experiments were carried out in a motion capture laboratory to facilitate
validation against a gold standard optical marker-based motion capture system for
clinical applications (Vicon Motion Systems Ltd, Oxford, UK, 8 cameras). The
optical motion capture system measures the positions of auto-reflective markers at
a rate of 100 samples per second. To enable a controlled sensitivity analysis for the
effect of varying levels of UWB distance measures bias and random errors, in this
study the distance measurements were synthetically generated by combining the
Euclidian distances between recorded position data for pairs of auto-reflective
markers (simulated synthetic node positions) with synthetic bias and uniformly
distributed random errors, simulating realistic distance estimates recorded through
UWB nodes for different amounts of bias and random errors. Value ranges for
distance estimate bias error and random error standard deviation were based on

actual experiments with UWB nodes [156,171].

Validation Protocol

A total of nine synthetic sensor nodes were used, with three sensor nodes on fixed
known locations (‘anchor nodes’) and the remaining six synthetic sensor nodes

(‘mobile nodes’) were moved around. Each of the six synthetic nodes was mounted
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on a wooden stick, held by three persons performing varying movements. Three
trials with varying free movements were performed with node distances typical for
3DAHM (0.2 to 2m), delivering position estimates of 6 mobile nodes. All
measurements with the optical motion capture system were down-sampled from 100
samples per second to 4 samples per second, as this is a typical UWB update rate for
a swarm of 9 nodes [119] and also delivers statistically independent samples (based
on autocorrelation analysis of the position data). All the trials lasted around 5
minutes, resulting in around 1,200 position estimates per sensor per trial (12,600
position estimates for all trials). All inter-node distances for the swarm of 9 nodes

were computed from the measured positions.

A sensitivity analysis was performed for position estimation performance for both
the trilateration and the proposed Swarm optimization methods by comparing their
estimates against the position estimates of the optical motion capture system
considered being the ground-truth. This sensitivity analysis was done by repeatedly
applying both methods to the synthetic node distance data with various amounts of
added bias and random errors. The values for bias errors and random error standard
deviation in the synthetic distance estimates were chosen based on previous
experiments in which UWB node distance estimation performance was iteratively
optimized and tested against the optical motion capture system [138,156]. The best
performance achieved was a bias error of 0.5 cm and a random error SD of 5 cm
(referred to henceforth as ‘Realistic UWB distance error level’). Therefore, the
sensitivity analysis was performed for this combination of error values and multiple
combinations with higher and lower error values around this standard error level.
Specifically, the bias in the synthetic UWB distance measurement was chosen to be
discrete steps from 0 cm, 0.5 cm, 1 cm, and 2 cm. For each bias level, the standard
deviation of the normally-distributed random error was progressively increased from
0 cm to 12 cm in 2 cm steps, with additional tests performed for values of 0.5 cm, 1
cm, and 5 cm. In the results section, special attention was given to the validation

with the Realistic UWB distance error level.

5.2.5 Data analysis

To evaluate the accuracy of both position estimation methods, the position

estimation error was calculated as the Euclidean distance between the positions
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estimated with these methods and those directly measured with the optical motion
capture system-based positions. Mean position estimation error and its standard
deviation (SD) were analyzed across various test conditions. Axis-specific accuracy
was examined by analyzing the absolute mean errors and their SD in X, Y, and Z
directions separately. Additionally, the statistical significance of the error reduction
achieved by the swarm optimization method over trilateration in Realistic UWB
distance error level conditions was tested using IBM SPSS Statistics (Version
28.0.1.0). The choice of test was determined based on the distribution of the error,
where a standard paired t-test would be performed if the errors are normally

distributed, or a Wilcoxon test would be performed otherwise.

5.3 Results

5.3.1 Outcome data distribution

The position estimation error based on both the proposed method and trilateration
was found not to be normally distributed, therefore, a paired Wilcoxon tests were
used to assess the statistical significance of the found difference in performance
between both methods. The position estimation for the individual axis was normally
distributed across the X and Y axes, while it was non-normal for the Z-axis.
Therefore, a paired t-test was performed for the X and Y, and a Wilcoxon test for

the Z-axis etrors.

5.3.2 Realistic UWB distance error level validation results

The estimated positions obtained from both the proposed swarm optimization and
trilateration methods for Realistic UWB distance error level (bias- 0.5 cm and
random error- 5 cm) in the synthetic distance estimates from one of the trials are
plotted for each coordinate axis alongside the actual ground truth positions (Figure
5.4). The mean 3D position estimation error for the swarm optimization method
was 0.49 cm, whereas the trilateration method produced a higher mean error of 8.83
cm. Furthermore, the SD of position estimation error was also lower for swarm
optimization at 5.77 cm compared to the trilateration SD of 6.54 cm (p < 0.001).
The mean difference in error between the two methods was 2.33 cm, with a 95%

confidence interval ranging from 2.26 cm to 2.39 cm.
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Figure 5.4: A zoomed-in typical example of the position estimated by the proposed swarm
optimization (blue) and trilateration (red) methods, along with the ground-truth position
estimates per coordinate axis.

In this study, x and y represent the horizontal directions (width and depth), while z
represents the vertical direction. Accordingly, axis-specific position errors are
reported as horizontal (x—y plane) and vertical (z-axis) errors. Examining the errors
along individual axis coordinates, the absolute mean errors along the X, Y, and Z
axes for swarm optimization were 1.9 = 3.2 cm, 3.5+ 2.9 cm, and 4.1 = 4.9 cm,
respectively. The trilateration method exhibited higher errors, with absolute mean
errors of 2.1 £ 3.3 cm, 5.9 £ 4.6 cm, and 4.7 + 5.3 cm, respectively. The significance
testing of individual axes resulted in lower p-values (p < 0.001 for x and y axes; p <

0.008 for z-axis), indicating a significant improvement over trilateration.

5.3.3 Error sensitivity analysis results

The error sensitivity analysis under a no-bias situation shows that the mean position
estimation errors of the swarm optimization method rise from 0.23 cm at 0 cm
random error to 13.60 cm at 12 cm random error, while the trilateration method
increases more significantly from 0.23 cm to 19.55 cm over the same noise levels
(Figure 5.5). The SD of the position estimation error follows a similar trend, with
the SDs being 5.23 cm at 0 cm random error for both methods and rising to 8.38

cm for swarm optimization and 11.45 cm for trilateration at 12 cm random error.
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The position estimation based on the proposed swarm optimization method always
showed a smaller error than the position estimates from the trilateration, except for
the ideal scenario (No bias and no random error), where both had exactly the same
accuracy (Figure 5.5). For both methods, the position estimation errors increase with
the increasing random error and the bias error components in the UWB distance

measurement.

Figure 5.5: Boxplots of position estimation ervors for Swarm Optimization and Trilateration
methods across varying levels of input random ervor and bias conditions. The y-axis represents the
position estimation ervor (cm), with the graph capped at 50 cm to improve visual clarity; outliers
exceeding SO cm are not shown but were retained in the statistical analysis.

For the swarm optimization method with no random error component in UWB
distance measures, the mean position estimation errors increase from 0.23 cm at 0
cm bias to 4.66 cm at 2cm bias, while the trilateration method shows a larger increase
from 0.23 cm to 4.85 cm under the same conditions. At the highest random error
tested (12 cm), the error for the swarm method reaches 14.21 cm at 2 cm bias,
whereas trilateration results in 19.465 cm. The significance testing indicated that for
all the bias and random error cases, the improvement was always significant. Also, it
can be again interpreted from the difference of the errors between the proposed

swarm and trilateration method (Figure 5.6).
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Figure 5.6: Boxplot showing the distribution of the differences in position estimation errors
between Swarm Optimization and Trilateration (Swarm — Trilateration) across different
combinations of bias and random error levels.

All processing time measurements were conducted on a system equipped with an
Intel® Core™ i7-9700K CPU @ 3.60 GHz, with 16 GB RAM, running a 64-bit
Windows 10 (Version 22H2) operating system. The positioning algorithms were
implemented and executed in LabVIEW. The system was dedicated to running the
positioning algorithms during the processing time measurements, with no significant
background applications running. The average processing time of 21.27 £ 2.71 ms
was observed for the swarm optimization method with noise combinations of no
bias and low random error (None and 0.5 cm). While for all higher noise levels
present in the UWB distance input, the average processing time of the swarm
optimization method was 158.01 £ 57.46 ms, which was higher but very similar for
all the varying noise levels. For trilateration, the average processing time per position
estimate was almost the same irrespective of the input noise levels, with the mean
estimation time being 0.52 * 0.58 ms for no noise settings and 0.61 * 0.52 ms for
the highest input noise setting.

5.4 Discussion

The results of this study demonstrate that the proposed swarm optimization-based
method significantly enhances position estimation accuracy compared to the
conventional trilateration method. The swarm optimization-based approach method

showed position estimation errors of around 6.5 cm for the Realistic UWB distance
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error levels in the input measurement, which is significantly lower than the
trilateration method with errors of around 9 cm (p < 0.001). This suggests that the
proposed method is a reliable alternative for UWB-based position estimation.
Additionally, the SD of position estimates was always lower for the swarm-based
method compared to trilateration, indicating the method has a greater consistency

in its achieved accuracy.

The comprehensive error sensitivity analysis conducted in this study provides a
practical understanding of the input error conditions required to achieve a desired
level of position estimation accuracy. This study establishes a reference for real-
world deployment of UWB-based localization methods. Error sensitivity analysis
results indicate that the proposed swarm optimization method outperforms the
trilateration methods in all input error conditions (Figure 5.5), except the zero input
error scenario, where both methods performed similarly. The trilateration's
performance deteriorates more rapidly as noise and bias increase, making it less
reliable for higher input errors in UWB distance measures. When random error
present in the UWB distance measurements is below 4 cm, trilateration performs
comparably to the proposed swarm optimization method (<1 cm difference in
position errors), making it a suitable solution if the required accuracy and consistency
are achieved. However, for a higher noise level of 4 cm or higher, the swarm
optimization method significantly outperforms trilateration by reducing errors by
more than 20%, and with up to 6 cm lower error than trilateration at the highest
tested noise level (i.e., around 40% reduced errors). This suggests that the proposed
swarm optimization-based approach provides an overall more reliable position
estimate, making it beneficial for real-world scenarios where measurement noise can

be higher.

The performance demonstrated by the proposed swarm optimization-based method
is comparable to a few of the more complex state-of-the-art UWB positioning
algorithms [157,172,173], while better than most of the reported accuracies
[163,164,166-168], tested under similar LOS conditions. For instance, [157] conducted
a comparative study of multiple position estimation algorithms, where the best
accuracy achieved was 5.51 cm using a Kalman filter with the least square-based
position estimates utilized as an update. While all other methods tested in the study

of Sang et.al., 2019, under similar conditions resulted in position estimation errors
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of around 8 cm [157]. Only a few cutting-edge methods push the error down to the
single-digit centimeter level, specifically Guo et al., 2024 attained around 2 cm error
by aggressively mitigating NLOS multipath [172], and Huang et al., 2024 achieved
around 5 cm error by robust filtering (MCC-UKEF fusion) in controlled settings [173].
In contrast, most real-world UWB deployments (with no sensor fusion) and based
on conventional multilateration methods achieved position estimation errors in the
range of 10 to 30 cm, under LOS conditions [163,164,166-168]. In essence, the
proposed swarm optimization-based approach could match the best reported
accuracies and exceed other conventional methods without the need for heavy
infrastructure (minimal anchors) and without any complex algorithms such as sensor

fusion.

In terms of computational efficiency, the trilateration method demonstrated a
significantly lower computational cost, with an average processing time of less than
1 ms for each position estimate. This reflects the inherent simplicity of trilateration,
which relies on direct geometric solutions without iterative computations. In
contrast, the proposed swarm optimization involves solving a non-linear
optimization problem with multiple variables, making it computationally more
intensive by design. The proposed Swarm optimization approach exhibited an
average processing time of around 158 ms per estimate. Only in the virtual absence
of random error did the computational time go down substantially. Thus, while
trilateration offers superior computational efficiency, the swarm optimization
approach provides improved accuracy, particularly in noisy conditions, at the cost
of greater algorithmic complexity and processing demands. The trade-off between
accuracy and computational efficiency suggests that trilateration remains preferable
in low-noise conditions, while swarm optimization is more beneficial when accuracy

is a priority in noisy environments.

Across all tested conditions, the Swarm Optimization method consistently produced
lower standard deviation values in the position estimation errors compared to the
Trilateration method, indicating higher consistency (i.e., reduced fluctuation in the
position estimates). This higher consistency of the proposed method under high-
noise conditions highlights its potential for applications that require highly
consistent estimates, such as clinical rehabilitation. Although the achieved accuracy

is not yet sufficient for the direct use in the intended ambulatory 3D analysis of
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human movement and clinical rehabilitation applications, which require an accuracy
around 1 cm or lower [119], the proposed method’s ability to provide more
consistent position estimates than the raw input UWB distances makes it a strong
candidate for integration with data fusion techniques. Specifically, to achieve even
lower position estimate errors, typically the UWB position estimates are used as an
update in data fusion with, e.g., MIMUs. As this study shows superior UWB-based
position updates with the swarm optimization-based method, it is expected that also
the position estimates of such data fusion methods should show lower errors than

the current state of the art.

Though the extensive error sensitivity analysis provides insights into etror
propagation, guiding future application of this method, however, the real-life
potential of the proposed method still has to be confirmed in experiments with
actual UWB data. Especially, the errors caused by NLOS conditions and their
mitigation should be studied in detail. Also, further improvements should focus on
optimally exploiting the redundancy in the position estimates in a fully connected
swarm to balance accuracy, mitigation of NLOS-related errors, update rate, and

computational load.

5.5 Conclusion

This study introduces and evaluates a swarm optimization-based position estimation
method that utilizes all available internode distances rather than restricting
measurements to a star topology. The proposed swarm optimization approach was
validated against an optical measurement system together with a well-established
trilateration method, and their performance was compared. The swarm optimization
method significantly improves the position estimation over the trilateration method,
with position estimation errors around 6.5 cm. An extensive error sensitivity analysis
provided a deeper understanding of how the error characteristics of UWB distance
estimates influence position estimation quality. It is expected that using the
improved position estimates in data fusion, e.g., with MIMUs, will improve the data
fusion position estimation quality. Further research is required to achieve the lower
error level required for the intended high-accuracy applications as 3D AHM. The
increased accuracy in UWB-based position estimation seems generally beneficial for

any application using a UWB swarm.
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Abstract

The integration of Ultrawideband (UWB) and Magnetic Inertial Measurement Unit
(MIMU) sensors offers a promising solution for accurate and consistent absolute
position estimation in ambulatory 3D analysis of human movement (3D AHM).
However, this integrated sensor system has not been utilized for 3D AHM, but has
been widely used for pedestrian tracking applications. There is no specific data
fusion tailored and validated for this application, and there is limited knowledge on
the effect of errors in the UWB distance measures on the performance of the data
fusion. This study proposes and evaluates a fusion algorithm, namely the UMIMU
fusion algorithm, based on an Extended Kalman Filter (EKF) for fusing UWB and
MIMU data to optimize position estimation in a 3D AHM setting. The proposed
fusion algorithm's performance is systematically analyzed utilizing MIMU and
synthetically generated UWB measurements (using an optical motion capture
system) under varying UWB measurement errors and update frequencies. Results
indicate that, with realistic UWB measurement updates, the UMIMU fusion
algorithm achieves a position estimation error of approximately 6 cm for all the
sensor nodes in the swarm. For UWB distance input with bias errors <1 cm and
random errors =5 cm, results in position errors lower than the state-of-the-art
accuracies already achieved, but degrade significantly beyond these thresholds. An
update rate of 4 samples per second (sps) or more offers better accuracy. These
findings provide crucial insights into improving UWB/MIMU sensor fusion,
specifically guiding advancements in UWB technology, and facilitating their future
adoption in clinical 3DAHM applications.
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6.1 Introduction

Accurate 3D analysis of human movement (3D AHM) is essential in a wide range
of applications, from clinical rehabilitation and performance assessment to
biomechanical research and assistive technology design. In clinical settings, 3D
AHM is traditionally performed in a laboratory-based optical-motion capture system
and force plates that provide accurate measurements [174,175]. Although these
systems are highly accurate, their practical use for clinical 3D AHM is limited by the
need for a fixed laboratory setup, the complexity of use (manual post-processing of
the measurement), the high cost of purchase and operation, and the lack of
portability [16,175,176]. Wearable sensor technologies offer a promising alternative
that enables ambulatory monitoring at a low cost with simple infrastructure, allowing
human movement assessments to be conducted in any environment, such as clinics,
homes, or sports fields. Magnetic Inertial Measurement Unit (MIMU) sensors are
widely used wearable technology for ambulatory 3D AHM, due to their low cost,
ease of use, and good accuracy [177,178]. MIMU sensors can provide accurate 3D
orientation and rotational kinematics by exploiting the complementary information
provided by accelerometers, gyroscopes, and magnetometers [179]. This high
accuracy in rotational kinematics is typically achieved using sensor fusion techniques
such as the Kalman Filter (KF) to integrate the data from the three sensor modalities
[40,67,179]. However, their capability to estimate positions (displacement over time)
accurately is limited due to the integration drift, especially since the positions are

computed by double-integration of the accelerometer data [42,43].

Multiple methods have been explored to reduce position estimation errors through
assumptions about the movement performed. The most commonly utilized method
is Zero-Velocity-Update (ZUPT), which works by assuming that the foot is briefly
stationary during the stance phase of walking [44,69]. Another approach utilizes
biomechanical models that apply joint movement constraints to estimate motion
more accurately [45]. While these methods can improve accuracy in specific tasks,
they are often limited in clinical use because they rely on assumptions that may not
always be valid for all people or situations. For example, patients often have irregular
and unique movement styles (shuffling, toe-walking, or spasticity) that result in
unclear phases of gait, thereby not matching the general biomechanical assumptions.

Another strategy to limit drift is to constrain the analysis to short, cyclic movements
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[3], however, this approach restricts the generalizability of position estimates across

longer or more irregular movements.

A robust alternative solution is introducing additional sensor modalities to MIMU,
which could provide independent position information to complement the MIMU
data and create redundancy for 3D positional data. This would enable sensor fusion-
based techniques to improve accuracy by combining information from these
additional sensors, as this is the same mechanism already utilized to achieve higher
accuracy for rotational kinematics. Among the available technologies,
Ultrawideband (UWB) sensors are the most promising to be integrated with the
MIMU sensors, especially due to their complementary error characteristics [57,119)].
The UWB-based methods can provide absolute position estimates of a free-moving
mobile UWB node within a local coordinate system defined by a fixed set of UWB
anchors, using methods such as trilateration. These estimates are drift-free as they
do not accumulate errors over time [57,65]. However, their accuracy is negatively
affected by random ranging errors, distortion, and Non-line-of-sight (NLOS)
situations [149,155]. MIMU sensor-based methods, on the other hand, provide 3D
position estimates relative to their initial position by estimating sensor displacement
over time by double integration of MIMU sensor acceleration with respect to a world
frame. This approach typically causes large (integration drift) errors that accumulate
over time [42,43], but are unaffected by NLOS situations. These complementary
error characteristics of the UWB and MIMU position estimation methods facilitate
combining them into an optimal estimate applying data fusion methods, to deliver
an accuracy and consistency significantly better than each of the two methods can

deliver on its own [65,78,105].

Despite the potential theoretical advantage and practical applicability for clinical 3D
AHM, the integrated UWB/MIMU sensor system has not been adopted for
applications of 3D AHM or in clinical rehabilitation [119]. To the best of the author’s
knowledge, no studies have utilized a swarm of these integrated sensors for
estimating body segment position in ambulatory 3D AHM applications. Instead,
they have only been widely used for human applications such as pedestrian
navigation [180,181] and indoor localization [155,182], which have lower accuracy
requirements compared to clinical scenarios [119]. In clinical 3D AHM, accurate and

consistent position estimation is critical for assessing patient movement and
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rehabilitation outcomes [29]. Currently, optical marker-based motion capture
systems are considered the commonly accepted practical standard (current de facto
gold standard) for clinical rehabilitation [174]. The current position estimation
accuracy of these optical-motion capture systems is generally accepted as suitable for
clinical 3D AHM applications [46,174], with an average marker position estimation
error of these systems typically below 1 cm [46,71] with consistent, drift-free
estimates. In addition to the accuracy, consistent position measutements are vital for
ensuring reliable tracking during clinical evaluations or rehabilitation sessions [29].
Therefore, it is assumed that to achieve a similar clinical relevance, an integrated
UWB/MIMU sensor system should deliver position estimates that are highly
consistent and adequately accurate with non-cumulating position estimation errors

lower than 1 cm.

The accuracy requirements for clinical 3D AHM are well understood, however, the
actual performance of integrated UWB/MIMU systems in this domain remains
largely untested [119], especially since there are no studies applying this in 3D AHM,
as previously stated. Instead, these systems have only been used for applications of
pedestrian navigation, and while the target applications differ, the reported accuracy
metrics can offer useful insight into their current technical capabilities. In the context
of other application areas such as pedestrian navigation, the lowest absolute position
estimation errors reported are around 4 cm [81,83]. However, these were achieved in
controlled settings with respect to fixed and clear Line-of-sight (LOS) situations
[119]. In general, the majority of the studies reported a lower accuracy, with position
estimation errors being around 10 cm or more [121,122]. Furthermore, the existing
integrated UWB/MIMU sensor systems have not yet been systematically developed
or validated for the demands of clinical 3D AHM applications, which require sub-
centimeter accuracy, shorter movement ranges (0.2—2 m), mixed cyclic and random
motions, and both LOS and NLOS conditions.

The quality and accuracy of the data fusion methods integrating the UWB and
MIMU systems to estimate positions greatly rely on the accuracy of both sensors
separately [183]. Previous research indicates that the MIMU sensors within the
UWB/MIMU sensot systems have already been trefined and tuned to reach the
maximum obtainable accuracy by the integrated sensor system [48,156]. However,

the current UWB sensor within the UWB/MIMU sensor systems does not
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consistently meet these high accuracy requirements due to vatious soutces of error,
including measurement bias and random error, even after performing antenna
calibrations and additional swarm calibrations [143-145,171]. Systematic bias and
random error in UWB measurement updates can degrade the performance of the
data fusion, even when the MIMU provides high-frequency position estimates
(during the prediction phase of the data fusion). The accuracy that the data fusion-
based position estimator can attain is highly correlated with the accuracy that the
UWB system can provide these updates with [156,171]. Additionally, the update rate
of integrating UWB position updates into the data fusion process, such as the
Kalman filter, could also influence the final position estimation accuracy. So far, the

influence of measurement update frequency has not been studied in detail.

In summary, despite the potential of integrated UWB/MIMU for clinical 3D AHM,
they have not been tailored and validated for this application. Most prior research
was on localization applications where accuracy demands were lower and conditions
of measurement were different from 3D AHM settings. Typical 3D AHM demands
sub-centimeter accuracy with high consistency, and the settings defined for the 3D
AHM shorter distance ranges (0.2 m to 2 m), varying subject velocities, cyclic
movements, and mixed LOS and NLOS conditions [171]. To enable UWB/MIMU
fusion methods to reach comparable levels of clinical accuracy, it is also crucial to
understand how UWB distance measurement errors and measurement update
frequency affect the final fused position estimates. The impact of these UWB
distance error characteristics, along with the update rate at which UWB-based
position updates are incorporated into the fusion algorithm, remains insufficiently
studied. Therefore, the goal of this article is to address this research gap by proposing
a data fusion method based on an extended Kalman filter (EKF) combining the
UWB and MIMU data specifically in 3D AHM settings, hereafter referred to as
“UMIMU fusion algorithm”. Following this, the proposed UMIMU fusion
algorithm is systematically evaluated and quantified for the effect of UWB distance
measurement error on the position estimation accuracy, utilizing actual MIMU data
and synthetically generated UWB data. The following objectives are designed to
guide and address the goals and gaps:
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1. Propose an EKF-based algorithm for estimating sensor positions by
combining MIMU data and UWB position estimates in a 3D AHM setting
and evaluate its accuracy and consistency.

2. Identify the effect of UWB distance measurement errors (bias and random
error) on the final position estimation accuracy of the proposed algorithm
through an error sensitivity analysis using synthetically generated UWB data.

3. Determine the optimal UWB measurement update frequency for the

proposed algorithm, in terms of accuracy.

The novelty of this work lies in its focus on the 3D AHM application setting and its
systematic exploration of how UWB distance error characteristics and update
frequency influence fusion performance. The rest of the article is structured as
follows: Section 2 provides a detailed description of the UWB/MIMU measurement
configuration and the proposed UMIMU position estimation algorithm. Section 3
outlines the experimental setup, generation of synthetic UWB data, and procedures
for evaluating the system's performance. Section 4 presents and discusses the results,
including error analysis and update frequency effects. Finally, Section 5 concludes
the article by summarizing the key findings, highlighting their clinical relevance, and

suggesting directions for future research.

6.2 Methods

6.2.1 Integrated UWB/MIMU measurement configuration

The integrated UWB/MIMU sensor system used for this study is a single hardware
platform that combines both the UWB and MIMU sensors and is referred to as the
UMIMU’ (Ultra-wideband Magnetic Inertial Measurement Unit) sensor system. The
MIMU sensors (Xsens B.V., Enschede, The Netherlands) within the UMIMU
system provide 3D acceleration, angular velocity, magnetic vector, and orientation
data at 100 samples per second (sps) using an internal proprietary EKF algorithm
for orientation estimation (XKF3 sensor fusion algorithm, Xsens B.V.). The UWB
sensors in the UMIMU sensor system measure the distance between sensor nodes
based on the Time of Flight (ToF) data [147]. The ToF estimates are derived using
the Alternative Double-Sided-TWR (AItDS-TWR) algorithm [137], which estimates
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the Tol' by exchanging multiple timestamped messages between the ranging UWB

nodes in both directions, compensating for the clock offsets.

The measurement configuration consists of a set of n UMIMU nodes, with three
UMIMU nodes positioned at fixed, known positions within the measurement area,
while the remaining n — 3 UMIMU nodes are attached to the measurement subject
(Figure 6.1). An additional UMIMU node serves as the ‘controller node’, which
coordinates UWB rangings, transmits operational commands, relays information to
a PC via USB, and collects the UMIMU data for processing. The UWB distance
measurements are performed using a swarm topology, a fully connected network
where each UWB sensor node measures the distance to every other node in the
system (Figure 6.1). This configuration ensures redundant distance estimates, which
can be exploited for relative position estimation using optimization-based
approaches. The swarm topology results in n(n — 1)/2 unique distance estimates
per update cycle in a fully connected network of # sensors. The update rate for a
complete set of distance estimates ranges from 1 to 20 sps, depending on the number

of sensors used.

Figure 6.1:UMIMU sensor system measurement configuration and illustration of the swarm
topology.
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0.2.2 UMIMU fusion algorithm

The architecture of the proposed UMIMU fusion algorithm is based on a loosely
coupled EKF-based sensor fusion approach (Figure 6.2). The loosely coupled
framework utilizes the position estimates derived from the UWB distance measures
as a measurement update in the EKF, and offers computational efficiency and
flexibility while delivering performances comparable to the complex tightly coupled
framework [119]. In this architecture, the EKF prediction step relies on the high-
frequency MIMU data (sampled at 100 sps), which is used to propagate the state
forward in time based on inertial measurements. UWB distance measurements are
first preprocessed and then used in a swarm optimization algorithm to estimate
absolute sensor positions. These positions serve as low-frequency measurement
updates (1-20 sps) to the EKF. The EKF incorporates initialization routines, motion
modeling, and a drift correction scheme that utilizes a polynomial and linear

interpolation to minimize cumulative errors between measurement updates.

Position estimation by
swarm optimization
(Section 2.2.2)

di]. Moving average
filter
(Section 2.2.2)

Position and
velocity drift
correction
(Section 2.2.5)

EKF Block
(Section
2.2.482.2.5)

Position

. . M, Estimation of
M Initial static o s
y g . y gravitational constant, g*
region detection Accel ter bias, b
(Section 2.2.3) ceelerometer bias,
(Section 2.2.3)

Velocity

Estimate orientation
of sensor in global
frame, ¢*9

(Section 2.2.1)

q9"
Figure 6.2: Architecture of the proposed UMIMU fusion algorithm combining the UWB and
MIMU data based on the EKF.

Sensor measurement and models

The global coordinate frame @ is defined relative to the experimental setup (Figure
6.1), where the y-axis is aligned along the line connecting the two adjacent UWB
anchor nodes, the x-axis is orthogonal to the y-axis in the horizontal plane and points
towards the third UWB anchor, and the z-axis points vertically upwards. The sensor
coordinate frame is defined by the MIMU sensor and represented with the physical

layout of the sensor, where the x-axis runs along the narrow side of the sensor, the
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y-axis along the wider side, and the z-axis perpendicularly upward from the sensor
plane (Figure 6.2). While the world reference frame ¢y, is the inertial navigation
frame, where the x-axis points towards the Earth’s magnetic north, the z-axis points
upwards aligned with the gravity vector, and the y-axis completes the right-handed
coordinate system. All orientations ate represented as quaternions, g in this paper.
In the proposed UMIMU fusion algorithm, the prediction phase of the EKF is
specifically based on the accelerometer and orientation data measured by the MIMU
sensors. The accelerometer signal M, is desctibed as the sum of the accelerations of
the sensor a®, gravitational acceleration g°, accelerometer measurement bias b, and
Gaussian noise €, all measured in the sensor coordinate frame @y, and is defined

as
My=a*+g°+b+e, 6.1

The otientation provided by the MIMU sensor q°*, measures the sensor orientation
and expresses it as the rotation from the sensor coordinate frame g to the world
reference frame ¢,,. The absolute position updates from the UWB distance
measurements are expressed in the global coordinate frame @, as defined by UWB
anchor nodes. To ensure both data sources are represented in the same coordinate
frame for fusion, the MIMU derived position estimates were transformed into the
global coordinate frame @ . This is achieved by computing the relative orientation

between the sensor and global frames q*9, given by

q;° =q" - (q9")! 6.2

Here, q9" is the quaternion representing the fixed rotational transformation from

the global coordinate ¢4 frame to the wotld reference frame @y, and is treated as a

constant during the fusion process. The subscript t in the quaternions represents

the corresponding time step.

Position estimation from UWB

The absolute position estimates of the mobile sensor nodes in the global coordinate
frame ¢4 were computed from the swarm of UWB distance measurements through

a previously developed swarm optimization-based position estimation approach
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(Chapter 5). This approach estimates the 3D positions of mobile UWB sensor nodes
by minimizing the root mean square error between all measured pairwise distances
and those reconstructed from estimated coordinates, leveraging all available
internode distances in a fully connected swarm topology. Before optimization, the
raw UWB distance measurements were smoothed using a zero-phase moving
average filter with a fixed window duration to reduce measurement noise without
introducing temporal lag. Further details on the formulation, constraints, and
preprocessing steps can be found in Chapter 5. The resulting UWB-based position
estimates are used here as measurement updates in the proposed UMIMU fusion

algorithm.

EKF state model and Initialization

The goal of the proposed UMIMU position estimation algorithm based on EKF is
to estimate the state vector X and its covariance P. The state vector consists of 3D
position p, velocity v, and the accelerometer bias b. For each UMIMU sensor, the

state vector contains 9 states and is defined below:

T
X = (px,n Pyn Pzn Vxn Vyn Vzn bx,n by,n bz,n) 6.3
For n sensors, the total state dimension expands to 9n states.

In this article, a hat on a variable denotes an estimated value, while a superscript
minus indicates an a priori estimate, meaning the value before incorporating

measurement updates. The subscript t represents the corresponding filter time step.

The first step in the implementation of the UMIMU fusion algorithm is setting up
all the initial (¢ = 0) state values of position, velocity, and accelerometer bias. The
initial position of all the unknown mobile sensors was estimated through the swarm
optimization of the UWB distance measures. All measurements start from a static
position, therefore, the initial velocity is always set to zero. To identify the initial
static region, the normalized gyroscope angular velocities were analyzed, and a
threshold of 0.07 deg/s was applied. Within this detected static period, the
accelerometer is assumed to measure only gravitational acceleration. Therefore, the
gravity component was estimated by averaging the accelerometer norm over this

static interval. With the gravity component determined, it was removed from each
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accelerometer measurement within the same static region, and the residual values

were averaged to estimate the accelerometer bias for each axis.

EKF State Prediction

Followed by the initialization, the prediction phase of the EKF estimates the
positions of the unknown mobile sensors using MIMU data. For clarity and
simplicity, the following mathematical formulation is described for a single mobile
sensor (one MIMU and its corresponding UWB position update). In practice and
during experimental validation in this study, the proposed UMIMU fusion algorithm
is applied to multiple such sensors simultaneously. When scaling to a system with
multiple mobile nodes, the same principles apply, and the corresponding matrices,
such as the state vector, transition matrix, and covariance matrices, expand
proportionally by stacking the individual sensor-specific blocks into a larger

composite matrix.

The velocity and positions in the global coordinate frame are estimated based on

Newton’s equations of motion, as described below

o7 = 99, +AT @l 6.4

AT? 6.5

Y = D1 AT, +T ag_,
The acceleration in the global coordinate frame @9, is required for all the
computations. The measured acceleration in the sensor coordinate frame a®, were
translated to the global coordinate frame ¢4, with the previously estimated
orientation of the sensor to the global coordinate frame q°9. For ease of
construction of matrices and computation, the final quaternion estimates q*9 were

converted to rotation matrices RS9 and the translation of acceleration is defined as
~9 __ sg _s
a; = RY a; 0.6

Substituting the sensor model in Equation 6.1 into Equation 6.6 will result in

al = RM, — g9 —b 6.7
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The prediction of the state is performed with the equation as defined in [184] and is
')?t_ = A}?t—_l + Ur_q 6.8

where the state transition matrix A and the input vector matrix U are built from

equations 6.4 to 6.7 and are defined as

I; AT 0,
A= [03 I AT] 6.9
03 03 I3
AT? -
—— (R"Ma — g9 = b)
AT (R}M, — g9 — b)
03x1

u= 6.10

The covariance matrix, which describes the uncertainty of the state vector, is updated

as
Pf = AP,_1AT+Q 6.11

where Q is the process noise covariance matrix constructed based on the etror

characteristic of the MIMU sensor used for the study.

To minimize integration drift in position and velocity predictions, a constraint is
applied to the velocity and position estimates at the end of the prediction step. The
rate of change between the predicted velocity and velocity estimates at the previous
timestep is compared to the average velocity change per second observed in human
movement. Based on biomechanical studies, human movement typically exhibits a
maximum velocity change of approximately 1.5 m/s [185]. To ensure robustness, a
slightly higher threshold of 2.0 m/s is applied. Given the EKF sampling rate of 100
Hz, this translates to a maximum velocity change of 0.02 m/s per time step. If the
computed velocity change exceeds this threshold, it is capped at 0.02 m/s to prevent
unrealistic acceleration spikes. The position estimates are then adjusted accordingly

based on the corrected velocity.
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EKF Measurement update and drift correction

The measurement update step is performed whenever there is a UWB measurement
update. This update step refines the state estimates with the UWB positions
estimated using the swarm optimization-based method as described earlier (Section
0), which computes positions from the inter-sensor UWB distance measurements.
Each mobile node equipped with a MIMU sensor has a corresponding position
estimate derived from UWB data, which serves as the measurement update for that
specific node. These UWB-derived position estimates are integrated independently
with the predicted positions from the MIMU-based state estimation for each node,
thereby enabling node-specific data fusion within the EKF framework. The
measurement updates are applied by the following equations as defined in [184],

where the Kalman gain is given as
K, = PFHT(HPfHT + R)™1 6.12
While the state estimate and covariance are updated as follows

P, = (I — K.H)PS 6.14

where R, is the measurement noise covariance, and H matrix is the state to

measurement matrix, which in this specific case is defined as
H = [13 03 03] 6.15

A drift correction method is applied to both position and velocity estimates after
every UWB update to minimize drift errors between two UWB updates.
Observations from experimental data (Appendix A) suggest that the position drift
follows a second-order trend, with the position error at the midpoint between two
UWB updates being approximately 20% of the final error at the update point
(Appendix-Figure A2). To correct the drift in position estimates, a polynomial
correction is applied. First, the accumulated position drift at each UWB update
instance is computed by obtaining the difference between the EKF-predicted

position and the corrected position obtained after the measurement update is
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performed. Following this, a second-order polynomial is fitted using three points:
zero error at the previous update, 20% drift at the midpoint, and the full error at the
current update. This polynomial is then used to compensate position estimates at
each intermediate time step, correcting for accumulated drift over time. For velocity
drift, experimental observations indicated that the error follows almost a linear trend
(Appendix B), which is also supported in various studies [44,69,186]. Thus, to
compensate for this, a simple linear correction is applied to compensate for velocity
errors. The velocity error at the previous UWB update is set to zero, and the error
at the current update is determined from the difference between the predicted and
final velocity estimates. This drift is then lineatly interpolated across the interval to
gradually adjust the velocity estimates at each intermediate timestep. This approach
is conceptually similar to methods like Zero-Velocity Update (ZUPT), where drift is

assumed to grow linearly in the absence of external corrections [44].

0.2.3 Experimental validation

To evaluate the position estimation performance of the proposed UMIMU fusion
algorithm, a detailed experimental validation was conducted in an optical motion
capture laboratory, where all the sensor movements were tested within the typical
distance ranges of 3D AHM (i.e,, 0.2 m to 2 m) and at speeds of typical human
movement. The complete validation was performed with actual MIMU data and
synthetic UWB distance data generated from the optical marker positions,
specifically for controlling the UWB input error parameters for systematic

evaluation.

Measurement system

The UMIMU sensors, with integrated UWB and MIMU sensors on a single board,
were used in the experiments. The details of this UMIMU sensor system are
provided in [171], and relevant information for this study is summarized here. The
UMIMU sensor unit consists of a DW1000 UWB transceiver module (Qorvo Inc.,
Greensboro, USA), an MTi-3 9-axis MIMU (Xsens Technologies, Enschede,
Nethetlands), and an STM32F722RE microcontroller (STMicroelectronics, Geneva,
Switzerland) mounted on a custom PCB. The MIMU provided 3D orientation,
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acceleration, and angular velocity data in the sensor coordinate frame, sampled at

100 sps.

For this study, it is necessary to control and test the effect of different levels of errors
in UWB distance measurements, while also evaluating the impact of varying UWB
update frequencies. However, the built-in UWB module within the UMIMU sensor
unit had a fixed error profile and predefined measurement frequency and hence was
not used in this study. Instead, a Vicon optical motion capture system (Vicon Motion
Systems Ltd, Oxford, UK) was utilized. The optical motion capture system provides
precise position measurement and was utilized for ground-truth validation as well as
to compute inter-node distances that mimic UWB distance measurements. This
setup enabled simulating various UWB error conditions by introducing controlled
levels of bias and random error into the distances. Therefore, in this study, we only
use the synthetically generated UWB data from the optical motion capture system.
The optical motion capture position data was measured at 100 sps and was down-
sampled to the desired frequencies to be tested between 1-20 sps, to systematically

evaluate the effect of different UWB update rates.

As placing reflective matkers directly on the UMIMU sensor could interfere with
the ranging and communication process, each UMIMU sensor was mounted on a
sensor-holding rig with three fixed reflective markers positioned at known distances
from the UWB antenna (Figure 6.3a). The UWB node position was then derived
through an initial rig calibration step, where a temporary additional marker was
placed on the UMIMU sensor, and a static measurement of the rig markers was
recorded using Vicon. This calibration determined the fixed spatial relationship
between the rig markers and the UMIMU sensor, enabling accurate estimation of
the UMIMU node position throughout the experiment. In addition, the three
markers also allowed the computation of the rig orientation in the optical system's
global coordinate frame, which exactly matches the global coordinate frame @
defined before.

A total of ten UMIMU sensors were used in the study, with three sensors fixed at
known positions on tripods, serving as reference points. A single UWB node acted
as the controller/listener connected to the PC via USB, while the remaining six

sensors were attached to moving objects (Figure 6.3¢). Each of these six sensors was
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mounted on a sensor-holding rig positioned at the end of a wooden stick (Figure
6.3b). Three participants, each holding two wooden sticks with the sensors (one in
each hand), performed free-arm movements based on the validation protocol

described in the next section.

Figure 6.3: a)UMIMU sensor mounted on a sensor-holding rig with their respective coordinate
systems; b) sensor holding rig with UMIMU sensor attached to a wooden stick; c) Experimental
setup within a motion capture lab, with fixed known UMIMU sensors on a tripod (NI to N3)
and six unknown sensors held by three participants (N4 to N9). Note: Sensor nodes N3 (anchor),
N10 (controller) are outside the view of the figure.

Establishing sensor orientation in the global frame

In this study, the fixed rotation quaternion q9" was estimated through a calibration
step using the optical motion capture system. The purpose of this calibration was to
align the reference frames of the two systems to allow correct transformation of
MIMU-derived position estimates into the global frame ¢4 used by UWB. This
transformation was assumed constant and used throughout all further computations
to convert MIMU-derived data into the global coordinate frame used by UWB
measurements. This calibration involved simultaneous measurement of both the
MIMU and optical motion capture system, and utilizing the measured MIMU sensor
orientation and computed rig sensor orientations for estimating the constant

q@9%and is obtained as
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-1 _
qgw — (q:g) . (qsr) 1, qgw 6.16

Where, ;" is the sensor orientation expressed as the rotation from the sensor
coordinate frame ¢ to the world reference frame ¢, while, q°" is the orientation
of the sensor relative to the rig, and q"9 is the orientation of the rig in the global

coordinate frame @.

Experimental validation pipeline

The UMIMU sensors and the Vicon system record the movement data
simultaneously at the rate of 100 sps. The measured data from both systems were
synchronized by aligning the acceleration magnitude estimates from both systems
using the cross-correlation technique (Figure 6.4). The synchronized Vicon data
providing positions of each sensor unit were then used to estimate the inter-node
Euclidean distances between all the UMIMU sensor units in the network, resulting
in a set of 36 unique distances for 9 UMIMU sensor nodes used in the experiments.
These estimated distances were then added with controlled levels of bias and random
error to simulate UWB errors. After introducing these errors, the data was down-
sampled to different rates between (1-20 sps) to match the update rates to be tested
and then provided as measurement updates to the UMIMU fusion algorithm block.
While the MIMU data were directly fed into the UMIMU fusion algorithm block.

Figure 6.4: Schematic of experimental validation pipeline and implementation
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6.2.4 Validation protocol

To evaluate the proposed UMIMU fusion algorithm under different motion
conditions, the experiment included three distinct movement patterns. The first was
cyclic movements, where controlled, repetitive motion patterns were executed. The
second involved random movement, in which participants moved freely without any
predetermined trajectory. The third was a combination of both, incorporating
elements of cyclic and random motion. These different movement conditions were
designed to assess the accuracy and consistency of the UMIMU fusion algorithm
across various real-world application scenarios, particularly in LOS situations alone.
All measurements for each type of movement were performed twice and recorded
for a duration of around 5 minutes (~300 seconds), resulting in a total of six trials.
Within each trial, the UMIMU fusion algorithm estimated the unknown positions of
six sensors, providing a robust dataset for validation. To systematically assess the
performance, three validation tests or evaluations were conducted, each focusing on

a specific aspect of the proposed algorithm's accuracy and consistency.

Evaluation of UMIMU fusion algorithm wunder Realistic UWB

conditions

The first validation test aimed to establish a baseline performance level for the
UMIMU fusion algorithm under conditions that reflect the typical accuracy of state-
of-the-art UWB measurements, hereafter referred to as ‘Realistic UWB conditions’.
From previous research, the Realistic UWB conditions are known to be a bias of 0.5
cm and a random error of 5 cm, with an update rate set at 4 sps, which is considered
the best achievable UWB distance measurement accuracy and sampling rate
[138,156]. These error settings and the update rate were applied to the synthetic UWB
distances generated from all the experimental data sets. The sensor fusion
framework was then applied across all the data sets (now with the error settings
applied to synthetic UWB) for all three movement patterns to evaluate the UMIMU
fusion algorithm’s ability to accurately estimate sensor positions under these realistic

error conditions.
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Evaluation of the effect of UWB distance errors on UMIMU fusion

algorithm accuracy

To assess the UMIMU fusion algorithm's sensitivity to increasing UWDB
measurement errors, a systematic error sensitivity analysis was performed. The
update rate was kept constant at 4 sps while the bias of the simulated UWB distance
measurement was varied in discrete steps from 0 cm to 2 cm in increments of 1 cm,
with an additional test at 0.5 cm bias. For each bias level, the random error was
incrementally increased from 0 cm to 12 cm in 2 cm steps, with additional tests
conducted at 0.5 cm, 1 cm, and 5 cm. This validation was repeated for all movement

scenarios to analyze how error levels influenced the proposed algorithm’s accuracy.

Evaluation of the effect of UWB measurement update frequency on
UMIMU fusion algorithm accuracy

The final validation test focused on identifying the effect of UWB update frequency
on the proposed algorithm’s position estimation accuracy. Update rates ranging
from 1 sps to 20 sps were tested in steps of 4 sps to analyze the impact of
measurement frequency on filter performance. Rather than testing all possible bias
and error combinations, representative error levels were selected based on the
findings from the error sensitivity analysis. Specifically, two conditions were tested:
(i) an ideal scenario with no bias and no random error, and (ii) the Realistic UWB

condition, i.e., 0.5 cm bias and 5 cm random error.

0.2.5 Data analysis

To quantify the UMIMU fusion algorithm's petformance, the position estimation
error was computed as the Euclidean norm of the positions along each axis between
the proposed UMIMU fusion algorithm position estimates and the Vicon ground
truth. This measure, referred to as the ‘position estimation error’, represents the
overall discrepancy between the estimated and actual positions in three-dimensional
space. The mean position estimation error was computed for each movement type
and varying test conditions along with their standard deviations (SD). Additionally,

the absolute mean errors for each axis (X, Y, and Z) were computed separately, along
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with their respective SD, to provide further insight into axis-specific estimation

accuracy.

6.3 Results

0.3.1 UMIMU fusion algorithm performance under Realistic
UWB conditions

The position estimates from the proposed UMIMU fusion algorithm when utilizing
the synthetic UWB distance update with Realistic UWB conditions (Bias 0.5 cm and
Random error 5 cm), closely followed the ground truth position estimates from
Vicon, as illustrated in a typical example (Figure 6.5). The mean position estimation
error of the proposed UMIMU fusion algorithm across all three movement types in
the realistic UWB measurement update conditions was 6.25 cm with an SD of 3.10
cm. Itis observed that the UMIMU fusion algorithm without the drift compensation
module typically exhibits higher position errors across all movement types, with the
mean position estimation error approximately 2 cm greater than that of the full

UMIMU fusion algorithm including drift compensation.

Figure 6.5: Typical example of position estimates from one of the experiment trials, where the
position estimates of the UMIMU fusion algorithm (blue) are plotted along with their reference
distance (orange) from the Vicon optical system.
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The position estimation accuracy of the cyclic movement was the highest, with mean
position estimation errors of 5.63£2.70 cm (Table 6.1). Following the cyclic
movement, both the random and mixed movements tested had very similar mean
position estimation errors of 6.54£3.18 cm and 6.6313.27 cm, respectively. The
position estimation accuracy was highly consistent for all six sensor positions
estimated for all experimental conditions (Table 6.1). The mean position estimation
errors across each axis were 1.6211.23 cm, 3.1942.42 cm, and 3.421+2.63 cm for the
X, Y, and Z axes, respectively, for cyclic movement. Similatly, for the random
movement, the mean position estimation errors across each axis were: 1.89%1.46
cm, 3.52£2.68 cm, 4.131+3.25 cm, and for the mixed movement patterns: 1.95+1.48
cm, 3.73%£2.92 cm, 3.99£3.20 cm, respectively.

Table 6.1: Position estimation errors of every unknown sensor for each of the movement types tested

Cyclic Movement Random Movement Mixed Movement

Position estimation error [cm]

Sensor Mean SD Mean SD Mean SD
N1 5.72 2.68 5.99 2.78 6.88 3.38
N2 5.84 2.84 5.73 271 6.76 3.46
N3 5.33 2.48 7.47 3.60 6.67 3.28
N4 5.33 2.64 7.37 3.73 6.96 3.33
N5 5.72 2.76 6.40 2.84 6.41 3.07
N6 5.82 2.71 6.28 2.87 6.07 3.01

Overall 5.63 2.70 6.54 3.18 6.63 3.27

6.3.2 Effect of UWB distance errors on UMIMU fusion

algorithm accuracy

The position estimation accuracy and the consistency of these estimates decreased
with increasing UWB distance measurement errors (Figure 6.6). The cyclic
movement pattern had the lowest estimation error, followed by both the random
and mixed movement patterns. The variation in the position estimation errors was
minimal with increasing biases. For example, in UWB distance measurement with
random error of 5 cm, the mean position estimation errors were 6.25%3.13 cm,
6.2713.09 cm, 6.53+3.19 c¢m, and 7.50+3.52 cm for the tested measurement biases
of 0 cm, 0.5 cm, 1 cm, and 2 cm, respectively. While for increasing the random error

component, there was significant variation in the final position estimation accuracy
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of the UMIMU fusion algorithm. In Figure 6.6, the most achievable position
estimation error as per the literature, which is around 10 cm is indicated in red
dashed lines (---), while the baseline error achieved with the proposed UMIMU
fusion algorithm, using the standard UWB error setting is 6.27 cm and is indicated
as orange dashed lines (---). The desired position estimation error of 1 cm is

indicated as green dashed lines (---) in the figure for better comparison.

Figure 6.6: Results of error sensitivity analysis with mean position estimation ervors for varying
bias and random error in the UWB distance measurement at the typical UWB update rate of 4

.fp.f.
0.3.3 Effect of UWB measurement update frequency on
UMIMU fusion algorithm accuracy

The position estimation error decreased, and the consistency of the position
estimation improved with an increase in the UWB measurement update frequency
(Figure 6.7). The variation in position estimation errors across different movement
patterns followed a consistent trend as observed in previous results, with the cyclic
movement pattern with the lowest error, followed by random movement and mixed
movement patterns for all the test cases. Similar to Figure 6.6, the reference lines
defining the position estimation errors in literature (---), baseline error (---), and

desired error (---) are also included in Figure 6.7, for comparison.
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Figure 6.7: Mean position estimation ervors for varying update rates of the UWB distance
measurement, specifically for the ideal scenario with no errors in measurement (left) and for the
standard UVWB error setting scenario (right).

For the lowest update rates of UWB (1 sps), the position estimation error was very
high, with mean errors of 11.78210.52 cm and 14.60£9.03 cm for the ideal scenario
and standard UWB setting scenario, respectively. For the standard update rate of 4
sps, the mean position estimation error was 1.07£1.05 cm and 6.24£3.08 cm for the
ideal scenario and standard UWB setting scenario, respectively. In the ideal scenario,
the mean position estimation errors and SD were less than 0.5 cm for update rates
of 8 sps and higher, while for the standard UWB setting scenatio, the errors were

around 5 cm with an SD of around 2.5 c¢m for update rates above 4 sps (Figure 6.7).

6.4 Discussion

This study proposed and evaluated the UMIMU fusion algorithm, a data fusion
method to estimate 3D position based on a loosely coupled EKF for combining the
UWB and MIMU data, specifically for short distance ranges relevant for 3D AHM.
The developed UMIMU fusion algorithm is then systematically evaluated in short
distance ranges of 0.2 to 2 m with movement velocities and patterns relevant to the
typical 3D AHM setting in LOS scenarios. Where MIMU-based position estimation
typically shows large cumulating errors caused by integration drift, the position
estimates produced by the UMIMU fusion algorithm showed no drift anymore. In
all of the conditions tested, the proposed algorithm also consistently showed less

error in position estimates than those derived from the UWB swarm directly.

Under realistic UWB conditions (distance etrror 0.5+5 cm), the UMIMU fusion
algorithm consistently estimated drift-free position with a mean error of around 6

cm, which is similar to the previously reported highest accuracy in applications of
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pedestrian tracking [81,83]. However, they were both assessed only during slow
movements and for short trials (24 s and 10 s, respectively), and specifically, the
study of [81] was restricted to two-dimensional positioning. Overall, the achieved
position estimation accuracy was better than all other studies, which reported
position estimation errors greater than 10 cm [119]. The inclusion of the drift
compensation mechanism in the proposed algorithm effectively suppresses drift
accumulation between updates, which is reflected in the lower position estimation
errors relative to the implementation without drift compensation. Additionally,
examining the estimation error per movement axis, the errors were always lower and
around 2 cm, 3 cm, and 4 cm for the x, y, and z axes, respectively. Also, the UMIMU
fusion algorithm effectively reduced the measurement variability as evident from a
lower SD in the position estimation (Table 6.1), leading to consistent position

estimates with consistently lower random error.

The position estimation accuracy for the cyclic movement pattern was always higher
than the random and mixed movement patterns. Since cyclic movement follows a
repetitive, structured pattern, with smoother velocity and acceleration transitions
compared to the other movements tested, it allows the EKF to adapt better to the
motion dynamics over time. However, the difference in the performance was not
very high, with the position estimation errors of cyclic movement always lower by a

few millimeters (<1 cm), than the other two movement patterns.

The data fusion demonstrated consistent behavior, evident from the estimated
positions for all six moving sensors, which showed a similar error across the different
trials (Table 6.1). The error values remained close to each other with very small SD
values of around 3 cm, indicating that the proposed UMIMU fusion algorithm
provided a consistent performance regardless of the movement patterns tested in
this study. The consistency was also well demonstrated with the long measurements
of around 300 seconds, which is very critical for 3D AHM applications, where
assessments often involve continuous and prolonged monitoring of movement
patterns during full clinical tasks, such as gait cycles, functional movements, or
rehabilitation exercises. In such scenarios, even small drifts or instabilities over time
can lead to incorrect interpretation of movement quality or progress, reducing

clinical reliability [29].
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The position estimation accuracy in general was affected by the increasing UWB
measurement noise (both bias and random errors). The bias errors in the UWB
distance measurements had a limited impact on the position estimation when they
remained at or below 1 cm. Specifically, the position estimation errors were nearly
identical for the no bias and bias values of 0.5 cm, with the errors for the bias of 1
cm being only a few millimeters higher than the errors of the lower bias ranges.
However, for bias errors exceeding 1 cm, the position estimation error increased
even when the random error component was absent, which indicated that a higher
bias introduces a systematic shift in position estimates. Though higher bias errors
are a threat, it has been shown that these bias errors can be corrected already below

1 cm through proper calibrations [156].

The UMIMU fusion algorithm produced position estimates that consistently
showed lower random errors than the position estimate updates derived from the
UWB distances. This suggests that while the EKF filtering cannot fully eliminate
large random errors, it provides a smoothing effect that enhances the consistency of
the position estimates. Unlike the bias error, the random error in the UWB distance
estimate had a strong (significant) effect on the accuracy of the UMIMU fusion
algorithm’s position estimates. For larger random etrror components, the position
estimation errors were substantially larger. Random error components of 5 cm and
below always resulted in position estimates with accuracies better than the already
achieved accuracies in literature [119], as indicated by the orange dashed line in Figure
6.6.

The update rate of the UWB measurements had a significant impact, specifically at
lower update rates. From a relatively large error at an update rate of 1 sps, the etrror
decreases significantly with increasing update rate. Increasing the update rate to rates
higher than 8 sps indicated that only a marginal gain can be achieved. This suggests
that using double the update rate than the currently achievable update rate of 4 sps,
with the UMIMU system with a swarm of 8 fully connected nodes (experiments in
this paper), could take almost 2 cm of the systematic error. Besides, since the drift
compensation mechanism in the algorithm effectively mitigates drift between

updates, the necessity of further increasing the update rate becomes less critical.
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The proposed UMIMU fusion algorithm demonstrates drift-free position estimation
over longer measurement times with systematic and random errors lower than all
previously reported methods, starting from UWB distance estimates with currently
achievable accuracy [187]. This absence of drift is essential in rehabilitation settings,
where precise motion tracking is needed to assess patient progress, guide therapy,
and ensure accurate biomechanical analysis [29]. The errors in the position estimates
delivered by the UMIMU fusion method appeared larger than what can be achieved
with marker-based optical motion capture systems but they are similar to when using
state of the art MIMU based systems [188]. The proposed method might be useful
for specific scientific experiments, especially in semi-static situations and cyclical
movements. However, for routine clinical application in 3D AHM, the position

error still has to be brought down to lower values.

The results of the sensitivity study showed that bringing down the UWB position
estimate random error will improve the UMIMU data fusion position estimates.
Especially, reducing the random errors in the UWB distance estimates would have a
large positive effect. Several options for improvement are currently under study,
such as intelligently dealing with observable errors in distance estimation.
Additionally, our results suggest that increasing the update rate to at least 8 sps will
also bring the position errors down. Several options to achieve this, related to

optimizing redundancy within the distance assessments, are under study.

In this paper, the UMIMU fusion algorithm performance was not evaluated using
actual UWB ranging measurements. Instead, Vicon-derived inter-sensor distances
were used with added controlled bias and random errors to simulate UWB
measurements. The use of Vicon-derived distances with added synthetic errors for
simulating the UWB measurement in this study, while beneficial for extensive
systematic and controlled testing, may not fully replicate real-world UWB
measurement errors, which can include errors caused by environmental factors such
as multipath effects [171]. Future work should validate these findings using actual
UWB measurements in typical 3D AHM activities with human subjects, and is being
pursued as the next step of this study. Expanding the range of tested movements
could provide a more comprehensive evaluation of the proposed UMIMU fusion

algorithm’s performance.
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6.5 Conclusion

This study developed the UMIMU fusion algorithm, a method for the data fusion
of UWB and MIMU sensors based on an EKF, and systematically evaluated the
performance of the algorithm in a sensitivity study with synthetic data, focusing
mainly on the effects of the UWB update measurement errors and update rates in
situations of typical 3D AHM. Results demonstrated that the proposed UMIMU
fusion algorithm provided drift-free position estimates with a mean error of around
6 cm. For UWB distance bias errors <=1 cm and random errors around 5 cm (an
estimation quality as achieved experimentally before, after applying a custom
calibration procedure), the UMIMU fusion algorithm provided position estimates
with accuracies better than any method reported before. For higher biases (>1 cm)
and random error (>5 cm), the accuracy degraded significantly. The results also
showed that increasing the update rate from 4 sps to 8 sps would decrease estimation
errors significantly. This study provides significant insights into currently achievable
accuracy with an integrated UWB/MIMU sensor system. Also, it provided detailed
insights into error propagation, guiding research in further improvements towards a

final goal of application in 3D AHM and clinical rehabilitation practices.

172



Position estimation with integrated UWB/MIMU sensor

173









Chapter 7

This comprehensive PhD research investigated the feasibility and potential of an
integrated Ultrawideband (UWB) and Magnetic Inertial Measurement Units
(MIMUs) sensor system (referred to as the UMIMU system) for ambulatory 3D
analysis of human movement (3D AHM). The core aim was to improve the accuracy
and consistency of position estimation for clinical 3D AHM applications. A wearable
prototype system integrating UWB and MIMU was developed, and a series of five
interrelated studies was conducted to address key technical and methodological

challenges:

1. A detailed literature review that identifies the gap between existing
integrated UWB/MIMU research and the specific needs of clinical 3D
AHM (Chapter 2).

2. The development of a custom integrated UWB/MIMU hardware platform
and experimental characterization of UWB performance under conditions
specific to 3D AHM, quantifying LOS and NLOS-related errors (Chapter
3).

3. A robust, generalizable swarm-based calibration method for mitigating the
systematic distance bias errors in the UWB distance estimates (Chapter 4).

4. A swarm optimization-based UWB position estimation algorithm that
exploits the inter-node distance estimates of a UWB swarm, validated using
synthetic UWB data (Chapter 5).

5. A tailored UMIMU fusion algorithm based on the Extended Kalman Filter
(EKF) that combines the MIMU data with synthetic UWB ranging data to

achieve accurate and drift-free position estimation (Chapter 6).

Collectively, this thesis demonstrates a coherent progression from identifying
fundamental limitations in current systems to developing and validating new
calibration and estimation techniques specifically for 3D AHM applications. By
addressing these challenges systematically, this research lays a strong foundation for
future research and development towards application in clinical 3D AHM. This final
chapter discusses the main findings, their implications for clinical human movement
analysis and general technology, identifies the research limitations, proposes future
research directions, and outlines a potential pathway toward clinical translation and

real-world deployment of the proposed UMIMU system.

176



General Discussion

7.1 Main findings

7.1.1 Feasibility of the integrated UWB/MIMU sensor system
for clinical 3D AHM

The primary objective of this PhD research was to evaluate the feasibility of the fully
integrated UWB/MIMU sensor system for clinical 3D AHM, with a specific focus
on the position estimation accuracy and consistency. The feasibility assessment was
first initiated with a comprehensive systematic literature review (Chapter 2), which
revealed that the integrated UWB/MIMU sensor system has been extensively
studied and applied for localization and pedestrian tracking applications, while its
application to clinical 3D AHM remains largely unexplored. These integrated sensor
systems were typically developed for the localization and tracking applications in
large-scale indoor environments such as warehouses, car parks, or open corridors
with operational ranges extending up to 10 meters or more [105,106,108]. These
conditions differ largely from those conditions/environments of the 3D AHM,
where short ranges (20 cm up to 1 m to 2 m), and on-body positioning are targeted.
In addition, the algorithms and methods developed in these earlier studies for
position estimation were highly optimized and tailored for the application scenarios
of tracking and localization. Several methodological gaps were identified in the
literature that limit the clinical relevance of existing integrated UWB/MIMU sensor
systems. Specifically, prior research on these integrated sensor systems was not well-
characterized under conditions relevant to clinical 3D AHM. Additionally, only a
few studies clearly report the systematic versus random error components in their
systems, which limits our understanding of the systems’ behavior under varying
operational conditions and restricts their applicability for high-accuracy requiring

applications in rehabilitation.

Based on the initial feasibility analysis and gap identification, a fully integrated
UWB/MIMU sensor system, specifically optimized for on-body deployment and
short-range use, was developed and validated in this research (Chapters 3 to 0). In
Chapter 6, the technical feasibility of the system for clinical 3D AHM was
demonstrated through a performance evaluation of the proposed UMIMU fusion
algorithm under realistic UWB ranging error profiles. The developed integrated

sensor system achieved a mean 3D position estimation error of 6.27+3.10 cm (with
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each coordinate axis error around 4 cm or lower) under realistic input UWB distance
error levels across three distinct movement patterns observed in typical human
movement (cyclic, random, mixed). These performance results are comparable to
the only two highest accuracies reported for indoor UWB/MIMU fusion in
localization and tracking applications [81,83]. However, one of these reports was
limited to two-dimensional position estimation and relied on simplified
biomechanical assumptions [81], while the other was validated only in slow-paced
activity over very short recordings of around 24 seconds [83]. In general, the achieved
accuracy with the proposed method in this research is higher than the average
accuracy reported for pedestrian localization and tracking applications [121,122,155],
which is position estimation errors around 10 cm or higher. In addition to the
demonstrated accuracy, this thesis demonstrates the capability to produce consistent
and drift-free position estimates. The consistently low and constant standard
deviation (~3 c¢m) in position estimation across various movement types illustrates
its temporal stability, a critical requirement for longitudinal assessments in clinical
rehabilitation. While the proposed integrated UWB/MIMU sensor system does not
yet meet the sub-centimeter precision of optical motion capture systems, its
performance in position estimation exceeds most of the existing wearable movement

analysis systems [178].

The proposed integrated UWB/MIMU sensor system, despite not matching the
gold standard, provides a wireless, wearable, and more importantly, a drift-free
solution that offers sufficient resolution for many clinical applications such as those
involving segmental displacement and balance assessment [178,189,190]. For whole-
body movements and balance tasks, a consistent and drift-free UWB/MIMU system
offers adequate resolution to assess gross movement patterns and postural sway,
bridging the gap between lab-grade analysis and real-world clinical needs. Unlike the
MIMU sensors-only system, which suffers from rapid error accumulation in the
absence of an external reference frame due to drift during integration [16,48], this
integrated UWB/MIMU sensor system anchors inertial estimates to a global
coordinate system through absolute UWB distance measurement updates. This
prevents unbounded drift in position estimation and ensures consistency across time
and tasks. This long-term stability (drift-free estimation) is important in extended

monitoring scenarios where absolute spatial accuracy is required, such as
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unsupervised rehabilitation, and home-based fall-risk assessment involving Center
of Mass (CoM) displacement and foot clearance [189,191]. Besides, the
comprehensive error sensitivity analysis presented in Chapters 5 and 6 indicates that
the sensor system performance could be further improved by addressing the residual
errors in the UWB ranging component. Specifically, implementing advanced non-
line-of-sight (NLOS) detection and adaptive error compensation techniques may

enhance the overall accuracy and robustness of the fusion algorithm.

In summary, the integrated UWB/MIMU sensor system developed in this thesis
demonstrates strong feasibility for clinical 3D AHM applications. While further
improvements are necessary to meet the sub-centimeter accuracy standards of
traditional lab-based optical motion capture systems, the combination of portability,
long-term stability (drift-free estimation), and consistent accuracy positions this
sensor system as a viable and scalable solution for future real-world clinical

deployment.

7.1.2 UWB error behaviour and accuracy enhancement in 3D

AHM applications

A key finding and major advancement of this thesis is the identification and
mitigation of performance limitations in UWB-based distance and position
estimation when applied to short-range, on-body sensor configurations, typical to
clinical 3D AHM (Chapters 3 to 5). While the MIMU sensors in the integrated
UWB/MIMU sensor system wete well studied and have been extensively validated
for 3D AHM applications [16,187,192], the UWB sensors were not studied and
characterized for the 3D AHM application environments [120]. Previous UWB
positioning research has mainly focused on large-scale environments targeting
pedestrian tracking applications with ranges of up to 10 meters or more [106,108],
which differ significantly from the short-range (0.2 m to 2 m), on-body setups of 3D
AHM, where body-induced NLOS conditions are more frequent. Though the
human body is known to influence UWB distance estimation accuracy [120], there
were only a few prior works [93,117,123] that provided partial insights into on-body
usage of UWB, with limited validation under 3D AHM conditions.
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In Chapter 3, controlled experiments revealed that standard factory-recommended
antenna delay calibrations left residual systematic bias errors in UWB measurements
up to 6 cm. This was also found to be the case in other UWB calibration research,
where residual errors of 3 to 5 cm were reported in the distance measurement after
applying their calibration techniques [143-145]. This study also revealed consistent
and repeatable error patterns in both static and dynamic NLOS scenarios,
highlighting the need for customized calibration and adaptive filtering techniques
tailored for short-range, on-body applications. Chapter 4 addresses the identified
residual systematic errors present in the UWB distance ranges through a novel
generalizable calibration procedure that applies a nonlinear optimization to assign a
unique bias value to each UWB sensor node being calibrated. This method accounts
for both sensor-specific and network-level distance estimation biases, and the
experimental validation demonstrated that this calibration procedure reduced
systematic errors to sub-centimeter levels (= 0.5 cm), outperforming most reported

UWB calibration strategies [144-146].

To transition from improved UWB distance estimates to position estimates suitable
for integration with MIMU data, Chapter 5 applied an optimization-based position
estimation algorithm for UWB-only position estimation. Unlike the conventional
methods such as trilateration [158] or least square approaches [159], which typically
rely on distances between a mobile tag and fixed anchors, this approach leveraged a
swarm topology, where all inter-node distances within the wearable sensor network
were used simultaneously. This redundancy enabled improved robustness and
accuracy, specifically under noisy conditions typical of 3D AHM. The swarm-based
position estimation algorithm consistently outperformed trilateration, achieving
over 25% better accuracy in synthetic test scenarios with realistic noise levels.
Beyond performance gains, the method is highly generalizable and does not depend
on specific UWB hardware, and can be applied to other short-range ranging systems
with similar architectural layouts. These advancements in the UWB distance and
position estimation form a foundational step toward enabling effective fusion with
MIMU data for clinical 3D AHM applications.
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7.2 Clinical implications

Accurate and consistent (body segment) position estimation plays a key role in the
clinical analysis of human movement [16,192]. Traditional gait analysis widely focuses
on angular/orientation measurements such as joint angles and segment otientations,
however, there are other important functional assessments in rehabilitation that
depend on knowing how body segments move through space [192]. For example,
spatial gait parameters like step length are derived from the 3D positions of the feet
[193], and balance metrics rely on the trajectory of the body’s center of mass (CoM)
with respect to the base of support [194]. Position estimates in general provide the
spatial relationship between limbs, joints, and the floor, enabling the rehabilitation
clinicians to evaluate gait symmetry, balance, stability, and functional mobility with

accurate ObiCCI'iVC measures.

The central challenge in current clinical rehabilitation is the lack of portable,
affordable, objective tools for analyzing human movement with sufficient accuracy
to guide diagnosis, treatment, and monitoring. In current practice, movement
assessments are often based on visual observations. Although instrumented gait
analysis based on optical marker-based systems and force plates is capable of
providing highly accurate quantitative movement assessment, particularly for
position estimation as focused in this study, they still remain primarily in use as
research tools [12]. Their limited clinical adoption is primarily due to high costs, the
need for dedicated laboratory space, lengthy manual post-processing of data, and the

requirement for specialized personnel to operate the systems.

Wearable MIMU-based systems, on the other hand, offer a low-cost, flexible
alternative, but they have other limitations. They can accurately capture angular
kinematics [48], although obsetvability limitations of the Earth's magnetic field (e.g.,
caused by vicinity of construction metal in floors or other building components)
limit their application to short measurements, as the heading information derived
from observation of the Earth's magnetic field causes a slow drift around the
direction of the gravity vector [41]. Also, they struggle with large accumulating errors
in position estimation due to the required double integration of free acceleration
data [48,195]. While relative segment orientations are sufficient to detive many

clinically relevant parameters, such as joint angles, the limited accuracy of these
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sensors in estimating relative position constraints their ability to measute the spatial
parameters. These spatial parameters, such as segmental position information, are
essential for clinically relevant balance metrics that relate the position of the body’s
CoM to the position of the base of support (BoS) [189,196], and also for certain
kinetics calculations such as load distribution across joints [197]. Therefore, this
research addresses this clinical gap in position estimation accuracy by presenting a
fully integrated UWB/MIMU wearable sensor system tailored to short-range, on-
body use 3D AHM. Through custom hardware, a novel calibration approach, and
data fusion algorithms, the system provides high-quality position estimates validated
against VICON-derived ground truth. Importantly, the system is fully wearable,
consistent, drift-free, and cost-effective, thereby bringing objective, quantitative

movement analysis closer to routine clinical application.

7.2.1 Clinical use case of accurate and consistent position

estimation

Modern MIMU fusion algorithms can track segment orientation with high accuracy
[48], but obtaining segment and joint position from MIMUs remains challenging
because MIMU measurements require double integration of free acceleration, which
introduces an accumulating error, i.e., integration error [195]. In this thesis, this issue
is addressed through an integration of the additional sensor modality UWB along
with a minimal three fixed anchors. This framework supplies drift-free absolute
position estimates in a sensor swarm, thereby providing redundancy in 3D positional
data and enabling sensor fusion of UWB and MIMU data for accurate, drift-free,
and consistent position estimation. The integrated UMIMU sensor platform
introduced and developed in this research shows a more accurate and consistent
position estimation than reported previously on integrated UWB/MIMU.
Specifically, combining the improved position estimation with the already available
accurate orientation estimation methods, made possible through this integrated
sensor system, could potentially improve the overall kinematic measurement
accuracy and consistency for clinical human movement analysis and help in the

successful translation of this system for clinical rehabilitation.

Fall risk assessment in older adults and individuals with balance impairments is

among the clinical applications most critically depending on accurate position
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estimation. Functional balance and normal gait assessment rely on spatial parameters
of gait such as the centre of mass (CoM) position relative to base of support (BoS),
step width, foot placement variability, and vertical foot clearance [198-200]. These
metrics are essential for detecting gait instability, predicting fall likelihood, and
guiding interventions like strength training [199]. For example, reduced foot
clearance or lateral pelvic sway during gait can increase the risk of tripping. Though
angular kinematics provide valuable information regarding falls, the spatial
parameters related to body segment positions provide more information regarding
fall prevention, along with a direct approach to fall detection [201,202], and in
addition, could help identify compensatory strategies employed when combined
with the angular kinematics information. The integrated UMIMU sensor system
developed in this research will allow tracking of (relative) 3D position and
displacement of feet and pelvis, which are crucial for the assessment of fall risks.
Since the current accuracy is still not as good as the current optical marker-based
systems, this can act as an additional method to fall detection based on angular
kinematics, mainly providing information on the fall mechanics and compensatory
strategies used. The removal of drift in relative position estimation and its wearable
and wireless design make it deployable in both clinical and home settings without

complex infrastructure.

The clinical use of accurate position estimate further extends to various medical
conditions that affect movement patterns, such as stroke [203,204], cerebral palsy
[205], and Parkinson's [206], as well as post-operative and post-injury rehabilitation
[8], where evaluation of recovery depends on a detailed understanding of movement
quality. Especially, following a stroke (medical condition) or an ACL reconstruction
surgery (post-operative), the rehabilitation clinicians could assess movement
patterns and reaching patterns to determine the functional readiness and to coach
the patient’s recovery process through progressive loading [8,203]. These parameters
are ideal to be assessed in order to decide on providing treatment adjustments in the
case of medical conditions and to make return-to-activity decisions in the case of
post-operative situations (e.g., ACL reconstruction surgery). While angular
movement can be inferred accurately from MIMUs, the actual limb displacement
relative to other body segments or to the task environment can provide a more

functional and reasonable measure. Similar to the overall movement patterns, the
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reach patterns are crucial for upper limb rehabilitation and tracking motor recovery
in patients after stroke [203,207]. The developed integrated UWB/MIMU system,
with its current capability to estimate inter-segment distances and 3D displacement
with reasonably better accuracy and good consistency, could still enable accurate
reconstruction of reach patterns and capabilities. This would support more detailed
progress tracking and help in rehabilitation therapy across a broad spectrum of

patients with medical conditions and post-surgical populations.

The ability to assess positions and displacement in mobility tasks such as sit-to-stand,
bed transfer, or turning relies on tracking the position of CoM, BoS, body segments,
and joints [208,209]. These parameters are important indicators of independence in
daily activities and are linked to fall risk and functional capacity in aging or people
with medical conditions. The integrated sensor system would enable clinicians to
measure vertical displacement of the pelvis, trunk shift, and inter-limb coordination
with greater accuracy and consistency. In particular, for patients with observed
compensatory patterns, like forward lean, accurate and consistent position tracking
would enable not just detection but quantification of compensation, thus enhancing
both diagnostic precision and treatment plans. Overall, the system developed in this
research does improve the position estimation over the already available MIMU-
only based systems and would help reconstruct the spatial dimensions of human
movement. From assessing fall risk and balance control to quantifying recovery
post-surgery or post-injury, to capturing translational mobility tasks, accurate and
consistent segmental position estimates are essential. This thesis delivers a wearable
system and methods that could provide a consistent drift-free solution with
reasonable accuracy, which can eventually help build the complete system that meets
the above-mentioned needs, thereby enabling and bringing the technology closer to
a future where real-world human movement analysis becomes a standard tool in

clinical rehabilitation.

7.2.2  Continuous monitoring and tracking in daily life settings

Continuous gait and 3D AHM represent a powerful tool across a variety of clinical
and real-world applications. Continuous measurement of how people move and
walk in their daily lives provides significant insights that one-time tests cannot

identify [201]. Besides, traditional gait measurements are performed in clinical or

184



General Discussion

laboratory settings, and they lack the ability to capture human movement parameters
in real-world conditions. For example, studies on post-stroke rehabilitation have
reported significant differences in the gait assessed in the laboratory compared to
their walking in daily life [210,211]. In the rehabilitation of various medical
conditions, such as stroke or after orthopaedic surgery, extended long-term human
movement monitoring helps in tracking recovery trajectories, validating the
effectiveness of therapy, and eventually improving patient outcomes [201]. In aging
populations, long-term monitoring of gait enables fall-risk management by
identifying relevant gait metrics and applying preventive interventions [212]. For
chronic disease management, 3D AHM is an essential tool for understanding the
patient’s overall health status and for guiding personalized care that aims to maintain

mobility and quality of life [202,213].

The availability of wearable human movement analysis tools based on MIMUs
allows long-term gait analysis to be feasible in daily life settings. However, there is
still a gap in using this technology widely for these purposes. For long-term gait
analysis, both the spatial kinematics (position and displacement estimates) and
angular kinematics are equally essential [201,202], because they directly relate to
functional mobility and are feasible to monitor continuously outside the lab. As
already discussed in the previous section (Section 7.2.1), spatial kinematics, such as
the body segment and joint position, play a key role in human movement analysis.
While the MIMU-based systems are accurate for angular kinematics, the major
barrier to using wearable MIMU-based systems for extended monitoring is the
accumulation of position errors over time [192], especially due to the integration
errors, as already emphasized in this research. This limitation severely reduces their
value in applications of continuous monitoring and tracking, especially as balance

issues and fall risk are important topics in daily life activities.

The sensor system developed in this research addresses this gap through the
integration of drift-free UWB distance measurements with data from MIMUs,
anchoring position estimates to real-time UWB measurements, which do not
accumulate errors over time. Though the current achieved accuracy does not yet
reach the sub-centimeter level required to match the optical marker systems, they
provide an accuracy better than most of the previously reported position estimation

accuracy, as well as drift-free and consistent position estimates over time, as shown
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through experimental validation with longer measurements in Chapter 6. In
applications where continuous monitoring or long-duration assessments are
essential, such as rehabilitation or daily-life mobility tracking, consistency and
reproducibility of the estimates are often more critical than higher accuracy [214,215].
Therefore, the developed UMIMU system offers a wearable sensor system that can
provide both spatial kinematics and angular kinematics with reasonable accuracy and
good consistency over time. By using a comprehensive approach that values both
spatial and angular kinematics data, clinicians and researchers can obtain a complete
view of the patient’s mobility over time. The ultimate benefit of the improved
wearable system with accurate spatial and angular kinematics is in empowering
individuals and clinicians with detailed knowledge of movement in everyday life,
potentially leading to more responsive care and better outcomes in rehabilitation,

fall prevention, and overall health maintenance.

7.2.3 Practical integration into clinical workflows

Wearable sensor systems intended for clinical rehabilitation practice must
demonstrate accuracy as well as strong measurement consistency to ensure trust in
their readings over time [216]. The current MIMU-based system is already accurate
enough for the angular kinematics, still lacks sufficient accuracy with highly unstable
spatial kinematics, as already emphasized in this research. The integrated
UWB/MIMU sensor system developed and validated in this research significantly
improved both the accuracy and consistency of the spatial kinematics, with an
achieved mean position estimation error of around 6 cm with an SD of 3 cm.
Though the achieved accuracy does not meet the sub-centimeter levels of optical
motion capture systems, they have achieved a much higher stability and brought the
accuracy closer to the required level (1 cm) in position estimation. A consistent drift-
free measurement, even with a small constant bias, enables clinicians to reliably
monitor patient changes, as any improvement or deterioration in their movement
would be evident above the device’s noise threshold [216]. In long-term
rehabilitation monitoring (stroke, orthopedic recovery, or aging-related mobility
decline), such consistency is what enables wearables to capture subtle changes in
performance. For example, wearable sensors have been shown capable of detecting
slight mobility changes that signal disease progression in Parkinson’s and

Huntington’s disease [217], which would be missed by an unstable measurement
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system. Importantly, this consistency means that clinicians could rely on the system
not only for moment-in-time diagnostics but also for tracking subtle progression or
recovery over time. While the next steps should focus on further improving the
accuracy, the achieved accuracy with high consistency and reproducibility empowers
wearable sensor systems to serve as sensitive trackers of mobility improvements or
deteriorations over time, fulfilling a key requirement for their clinical translation

[214,217].

For any wearable technology to succeed in clinical rehabilitation practice, it must not
only demonstrate technical accuracy and consistency but also align with the clinical
workflow, such as constraints in time, training, space, and cost. The developed
UWB/MIMU system in this research is tailored for use in real-world rehabilitation
environments, including outpatient clinics, physiotherapy centers, and patient
homes. The system’s modular design, small sensor nodes, wireless architecture, and
high level of automation make it flexible, as rehabilitation clinicians can configure
the sensor placements to suit the specific assessment needs. Compared to optical
motion capture systems, which take extensive setup time (typically 30 to 60 minutes
per session, only for setting up) [218], this system only requires a minimal setup time
of less than 10 minutes, enabling more frequent and larger volume assessments.
Besides, the absence of fixed infrastructure provides the possibility of scaling this
system beyond the clinical setting. The cost of this sensor system is expected to be
much lower than the current optical marker-based instrumented gait analysis
systems, as all the components of these sensors are less expensive and could further

be reduced in cost if produced in large quantities.

From a healthcare cost perspective, the implementation of cost-effective, portable
systems could improve care efficiency and reduce the associated healthcare costs.
Objective assessments reduce unnecessary treatments, enable earlier discharge, as
well as support better and more targeted interventions [14,15]. For example, long-
term monitoring of movement quality at home can detect improvement or
deterioration before it becomes visible in clinical visits, allowing therapists to modify
protocols proactively. These insights could eventually reduce hospital readmissions,
therapy costs, and long-term disability [15], which is a priority for aging populations
and healthcare systems currently under pressure. Overall, the integrated

UWB/MIMU system developed here is not only technically innovative but clinically
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practical. The developed sensor system’s consistent estimates, minimal setup time,
real-time capability, and potential for remote deployment position it as a promising
candidate for integration into modern, technology-supported rehabilitation

workflows.

7.3 General Implications beyond 3D AHM

While the core focus of this research was the clinical 3D AHM, the technological
advancements presented in this research have broader implications for domains that
rely on short-range position estimation and swarm topology-based sensor networks.
These methods address fundamental challenges (e.g., optimal physical integration of
UWB and MIMU sensor nodes with optimized time-critical data recording,
mitigation of distance estimation bias and drift, and developing optimal multi-sensor
data fusion) that also arise in ergonomics, injury prevention, robotics, autonomous

vehicles, and tracking applications.

Typical examples specifically in healthcare and ergonomics are active exoskeletons
and orthotic devices. Similarly, ergonomic assessment systems in occupational health
could benefit, where precise segmental position estimates are needed to quantify
awkward postures, repetitive strain risks, or load distribution during manual handling
tasks, especially since MIMU-only systems often fail due to drift in these
environments [219]. In robotics applications, UMIMU sensors could provide
alternative/additional data for improved endpoint position estimation for more
lightweight construction of robot arms, where diminished rigidity in the robot arms
decreases endpoint position estimation precision using a traditional robot arm joint
odometer. Another example is in accurate relative positioning is critical for multi-
robot or drone swarms in GNSS-denied environments [220], and integrated
UWB/MIMU sensors have been identified as a suitable basis for such swarm
localization due to their high precision. Integrated UWB/MIMU-based positioning
has even been demonstrated by swarms of inventory drones in warehouses,
achieving decimeter-level accuracy in real-world industrial settings [220]. This
underscores that the technological advancements from the present work are broadly
applicable beyond the domain of 3D AHM.
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The novel insights into the UWB distance estimation error behavior at short ranges
and on the human body (Chapter 3) could enable the design of adaptive positioning
algorithms capable of dynamically adjusting the model parameters based on the
inter-node distance ranges. Applications such as drone swarms, autonomous ground
vehicles, or warehouse robots operating in dense formations could switch between
short-range and long-range error models in real time to enhance robustness and
accuracy under varying spatial configurations [221,222]. The distance calibration
method introduced in this research (Chapter 4) is generalizable and adaptive,
enabling error values to be assigned to each individual UWB sensor node. This
characteristic allows the calibrated system to compensate for pairwise sensor errors
during dynamic operation, which is applicable not only in clinical wearables but also
in industrial and robotics settings that utilize UWB positioning systems [155,223,224].
In addition, this calibration method can be extended to any other ranging modalities
similar to UWB that measure the distance between two points, as the calibration is

based only on the distance measures of the UWB sensor.

The swarm-based position estimation method (Chapter 5) further extends its
relevance beyond the intended clinical 3D AHM application, offering a robust
position estimation algorithm that can be used for UWB sensors with the swarm
topology framework, as observed in applications of multi-robot or drone
coordination [222,224]. Similar to the calibration method, this swarm position
estimation method is not restricted to UWB measurements, instead can be applied
to any similar technology that measures multiple distances between an

interconnected network of sensots.

Though the position estimation algorithms based on the EKF sensor fusion
approach proposed in this research (Chapter 6) were specifically tuned for clinical
3D AHM application, their structural framework may be transferable to other short-
range, body-worn, or swarm-based systems where drift suppression and consistent
tracking are required. Similar Kalman filter-based UWB/IMU fusion methods have
been shown to automatically correct inertial drift and reject NLOS measurement
spikes, greatly improving long-term stability of position estimation over single-
sensor solutions [225]. This implies that any platform combining UWB and MIMU

sensors that ranges from an individual’s wearable navigation device to a team of
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robots or UAVs localizing cooperatively could employ the same fusion framework

to constrain drift and maintain accuracy.

Beyond robotic and autonomous navigation domains, these contributions resonate
in fields like spotts analytics and pedestrian navigation. Integrated UWB/MIMU-
based tracking systems are rapidly gaining popularity for sports performance
analysis, where athletes wear them to capture high-resolution motion data. This
integrated system is capable of real-time player localization, offering a cost-effective
alternative to camera-based tracking or optical motion capture [226]. In parallel,
injury prevention programs in sports and occupational contexts can leverage precise
positional monitoring to detect high-risk movement patterns, such as knee valgus
during landing [227]. Wearable UWB/MIMU systems could provide reliable
feedback in field-based or workplace settings, reducing the dependency on lab-only
biomechanical analyses. Integrated UWB/MIMU wearable systems have already
proven effective for pedestrian tracking, using sensor fusion to exploit
complementary strengths and improve accuracy in position tracking [105,155]. By
applying the EKF-based methods from this research, an indoor pedestrian
navigation device can continuously correct inertial drift with UWB ranging updates,
enabling reliable position estimates in environments where GPS is unreliable. These
broader implications emphasize the versatile nature of the foundational technologies
developed in this research, highlighting their potential utility in a wide range of

position estimation applications beyond the clinical domain.

7.4 Limitations

While this research provides several technical advancements in wearable position
estimation for 3D AHM, there are some limitations that should be acknowledged to
guide interpretation and inform future directions. A key limitation lies in the
validation methodology of the final integrated sensor fusion algorithm (Chapter 6),
which relied on synthetic UWB data generated from an optical marker-based motion
capture system (VICON). Although the synthetic data was carefully modeled to
include realistic bias and noise levels based on empirical UWB characterization, it
does not capture the full complexity of live UWB measurements during actual
human motion. Especially, these synthetic data may not accurately constitute all

possible movement scenarios, such as those of certain patient groups. As such, the
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proposed UMIMU fusion algorithm’s performance still needs to be validated with
real on-body UWB and MIMU data in real-time conditions. This step is essential to
confirm its accuracy and consistency under conditions representative of a clinical

use case scenario.

Chapter 3 of this thesis provides a detailed characterization of UWB behavior under
body-induced NLOS conditions, showing that distance estimates are not only
noisier with a higher random error component but also exhibit consistent positive
bias when body segments obstruct the LOS. However, these findings have not yet
been fully incorporated into the EKF framework of the proposed UMIMU fusion
algorithm validated in Chapter 6. Specifically, the current validation of the UMIMU
fusion algorithm assumes that the UWB measurement biases are less than or equal
to 2cm (based on the calibration results in Chapter 4), which is not the case during
NLOS. As a result, the performance of the integrated sensor system may degrade in
uncontrolled settings, such as in rehabilitation clinics or home environments where
partial occlusions could occur. To address this limitation, the fusion algorithm
should be extended with adaptive filtering or error state adjustment strategies that
detect and compensate for NLOS to improve the performance in uncontrolled

environments.

Another limitation concerns the assumption of full or near-complete swarm
connectivity in the position estimation algorithm presented in Chapter 5. In real-
world 3D AHM scenarios, body occlusions and NLOS conditions can disrupt
certain UWB ranging pairs, effectively reducing the mesh network to a sparse
connectivity matrix. This would lower the redundancy of inter-node distances that
the swarm-based algorithm relies on, and may consequently degrade the accuracy or
consistency of position estimates. While the algorithm is mathematically robust to
partial missing pairs, systematic evaluation of its performance under varying levels
of connectivity loss was not conducted in this thesis. Future work should therefore
test and adapt the algorithm to operate reliably under sparse or dynamically changing
connectivity conditions, possibly through adaptive weighting strategies informed by
error models of NLOS behavior.

The swarm-based position estimation from UWB distance estimates alone (Chapter

5) relies on a non-linear optimization method that scales with the number of ranging
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pairs used in the sensor system, thereby making it more computationally demanding
than the traditional trilateration-based method. This method is one of the key
components of the sensor fusion-based position estimation in Chapter 6, which can
also increase the overall computation time of the proposed UMIMU fusion
algorithm. This would currently limit the real-time tracking with a delay of a few
seconds. However, in rehabilitation practices, the real-time tracking is more flexible,
for instance, in clinical gait retraining or therapist-guided functional task assessment,
the feedback provided within a few minutes after each measurement is considered
sufficiently real-time to support decision making [228]. Thus, the integrated
UWB/MIMU sensor system developed in this thesis may already be clinically useful
for session-based monitoring, but it is not sufficient for a continuous gait retraining-
based application that requires live feedback. To expand the use case also to live
feedback applications, further improvements in computational efficiency are
needed. This could include exploring algorithmic refinements, such as reducing the
number of inter-node distance combinations used in optimization to eliminate less

reliable measurements, or hardware improvements, such as utilizing better CPUs.

7.5 Future research

The ultimate intention of this research is the transition of the integrated
UWB/MIMU sensor system developed in this research into a clinically deployable
solution. To achieve this, several additional research steps need to be taken. These
steps will be discussed in short-term, mid-term, and long-term steps. The pathway
to clinical deployment of UWB/MIMU gait analysis technology involves a
systematic expansion from technical refinement to real-world validation. In the short
term, the focus is on addressing the immediate limitations of the research, perfecting
accuracy, and reliability in controlled clinical settings. The mid-term will bridge the
gap to clinical reality by improving algorithms and testing with specific patient
groups. The long-term objectives ensure that the system meets the required clinical
accuracy in complex environments, is adopted in daily practice, and continues to

evolve with emerging techniques.
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7.5.1 Short-term: Technical validation with real-world data along
with a sensor fusion algorithm and sensor firmware

refinement

The short-term future research should mainly focus on addressing the key
limitations identified in this research. Specifically, the synthetic data-based validation
of the position estimation algorithm in Chapter 6 enabled a sensitivity analysis by
controlling bias and random error levels around the error levels already achieved
after swarm calibration in Chapter 3. However, it does not capture the full
complexity of live UWB measurements during actual human motion, such as NLOS
introduced by body segments and all possible movement scenarios. Therefore, the
priority is to acquire real-time UWB/MIMU data with the current validated nine
integrated UWB/MIMU sensor configurations from healthy subjects performing a
few clinical tasks with both LOS and NLOS situations. Eventually, the integrated
sensor system should be validated with this on-body combined LOS and NLOS
situations. This would define the performance benchmark of this system in a clinical

situation and would help identify additional challenges in an actual clinical situation.

The next key limitation to be addressed is the lack of NLOS detection or
compensation within the UMIMU fusion framework. Algorithmic improvements
should focus on a sensor fusion method with smart mechanisms to handle non-line-
of-sight (NLOS) conditions. For example, a loosely coupled Kalman Filter that
detects and rejects faulty UWB ranges while using UWB updates to correct MIMU
drift has been shown to improve positioning accuracy by over 60% compared to
MIMU alone dead-reckoning [108]. Similarly, an extended Kalman Filter strategy that
dynamically adjusts measurement noise based on NLOS detection achieved a ~46%
accuracy gain over conventional fusion in field tests [229]. The current sensor fusion
framework developed in this research is already designed to include these
adaptations as a tuning of the covariance matrices based on the measurement quality
of the UWB and MIMU sensors. With the lack of real UWB data, this feature is not
validated in the currently developed algorithm. Therefore, in the immediate future
with acquired real UWB data, the system should incorporate either skipping UWB
measurements with NLOS detected or an adaptive filtering that can increase the

filter covariance during suspected NLOS, or applying outlier rejection to suppress
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UWB measurement outliers and MIMU drift. In addition, the comprehensive error
characterization of the UWB sensors provided in Chapter 3 could be exploited for
classifying each range update as LOS, partial-LOS or NLOS and include appropriate

bias corrections to further enhance the position estimation algorithm.

The cutrent firmware implemented in the developed integrated UWB/MIMU
sensor platform is optimized primarily to ensure efficient and collision-free ranging
between the sensor nodes, enabling the reliable capturing of measurement
data(accelerometer, gyroscope, magnetometer, and quaternion data). Future
improvements could be expected from research into assessing the presence and
characteristics of ranging errors from the UWB distance data, providing insights into
the NLOS situation. This additional data about the nature of the UWB ranging could
significantly enhance adaptive filtering strategies that either skip the NLOS data
points or allow the fusion process to dynamically adjust covariance matrices based
on NLOS conditions, as previously suggested. By the end of this phase, the goal is
a prototype that is technically sound and easy to deploy in controlled environments,

with clearly validated accuracy and consistency for the clinical 3D AHM use case.

7.5.2 Mid-term: Software optimization along with clinical

validation

An important mid-term future work involves compensating for position estimation
errors induced by human body occlusion during movement. In the current research,
UWB/MIMU fusion was implemented using an Extended Kalman Filter (EKF),
which relies on a state-space model with process and measurement noise assumed
to be zero-mean Gaussian with known covariances. While this framework is
powerful for handling random noise and drift, it does not explicitly capture
systematic biases not introduced by dynamic, self-occluding anatomical segments.
As demonstrated in the error characterization presented in Chapter 3 of this thesis,
ranging errors due to NLOS conditions are not random but are strongly influenced
by the geometry and size of the body segments causing the occlusion. These
occlusion events would follow repeatable, phase-locked temporal structures within
cyclic motions such as walking or running. Therefore, future investigations on
correction models that leverage this cyclicity and understandings about the errors as

shown in Chapter 3 would be a promising extension in improving the accuracy in
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complex environments. Such correction models would complement the physics-
based EKF pipeline by adding a data-driven correction layer capable of adapting to
anatomical variability and task-specific movement patterns, ultimately leading to
more accurate and robust spatial tracking of body segments in human movement

analysis.

The technical validations along with the sensor firmware refinements mentioned
previously (Section 7.5.1) would only make the integrated UWB/MIMU sensor
system more accurate, consistent, and reliable. However, for successful clinical
implementation, it is also essential for the sensor system to be appropriately validated
for clinical full-body movement analysis (clinical validation) as per the criterion
mentioned by Baker. et.al.,20006 [29], elaborated in Chapter 1: Section 1.3. Therefore,
in this mid-term phase, the system should undergo extensive testing with diverse
patient populations and settings. This should include conducting pilot trials in
hospital gait labs and rehabilitation centers with participants such as post-stroke
patients, older adults at risk of falling, and other clinical groups. The aim must be to
validate that the UWB/MIMU system can capture pathological gait characteristics
as accurately as it does healthy gait and to assess the clinical relevance of the derived
metrics. These studies will help refine the algorithms (e.g., adjusting filter parameters
or sensor placement) to handle atypical gait patterns. They will also reveal any
usability issues in a clinical workflow. Ultimately, a mid-term milestone is a version
of an integrated sensor system that can be deployed in a real clinic or home

environment for days at a time, with all components working together effectively.

7.5.3 Long-term: Real-time clinical integration and feedback-

driven rehabilitation

In the long run, the integrated UWB/MIMU gait analysis system should be validated
in clinical trials and eventually adopted in routine care. A key objective is to
demonstrate clinical efficacy by showing that using the system can improve patient
outcomes (e.g., faster rehabilitation progress, fewer falls due to eatly detection of
gait deterioration) or provide diagnostic insights not available through standard care..
The long-term goal is also to improve this accuracy further through improved
algorithms and calibration, such that even in cluttered or furnished environments,

the system should achieve sub-centimeter precision for gait metrics. With achieved
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high accuracy and consistency, clinical trials could then focus on how the system’s
measurements and real-time feedback translate to clinical decision-making and
patient improvement. For example, trials may examine whether rehabilitation
programs that incorporate UWB/MIMU-based feedback lead to better mobility
outcomes compared to programs that rely on periodic visual gait assessments. In
parallel, longitudinal studies might use the system for remote monitoring and
tracking patients post-discharge in their homes to see if eatly warnings from gait data
can predict falls or health declines. Such evidence will be crucial for clinicians to

trust and adopt the technology.

Smooth integration into everyday clinical practice requires training clinicians and
therapists to use the technology effectively. User interfaces will need to be refined
for simplicity with a clinician-friendly dashboard that automatically highlights
abnormal gait parameters or changes over time, rather than requiring raw data
interpretation [230]. The system should function as a plug-and-play tool in clinics
where a therapist can quickly strap the sensors on a patient, have them walk in the
gym area for a few minutes, and immediately obtain gait quality metrics and fall risk
indicators. To facilitate this, long-term development should incorporate feedback
from clinicians collected during the mid-term pilots. Features that save time and
effort, such as voice-guided setup, automatic report generation [230], or integration
with scheduling software, could be added for smooth adaptability. Besides, the
workflow might be adapted such that the system provides decision support, such as
alerting if a patient’s gait symmetry has significantly worsened since the last session,
prompting further evaluation. In rehabilitation wards, the system could run
continuously in the background, monitoring patients as they do exercises or walk in
hallways, effectively creating a smart environment. This vision aligns with the
concept of digital health and smart rehabilitation facilities, where multi-modal sensor
networks (wearables, ambient sensors, etc.) work together. The integrated
UWB/MIMU system, with its ability to precisely track movement, could become a
cornerstone of such environments, complementing camera systems or ambient
radars to give a comprehensive view of patient mobility. By the end of this phase,
the system is not just a standalone gadget but part of an integrated rehabilitation
ecosystem, potentially feeding data into telerchabilitation platforms or home

monitoring programs that extend care beyond the hospital.
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General Discussion

7.6 Conclusion

This PhD research has made significant contributions to the field of human
movement analysis methodology by developing and validating a novel, fully
integrated UWB/MIMU sensor system capable of mote accurate and highly
consistent position estimation for ambulatory 3D analysis of human movement. It
addresses the key limitations in wearable motion tracking associated particularly with
the lack of reliable spatial information in MIMU-only systems. This was achieved
through integration of existing technologies (MIMU integrated with UWB sensors),
UWRB sensor calibration, swarm-based position estimation from UWB, and finally,
a tailored sensor fusion. This research is both timely and important, as clinical
practice increasingly shifts toward objective, decentralized, and technology-
supported rehabilitation. By demonstrating that wearable systems can approach
clinically meaningful accuracy in real-world conditions, this work lays a valuable
technical foundation for the future development of clinically relevant movement
assessment tools, facilitating reliable patient monitoring and improved rehabilitation

outcomes in diverse real-world settings.
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Appendix

A. Empirical Identification of Position Drift

Compensation Strategy

A.1 Background

There was a small repeatable drift always observed in the position estimates of the
proposed UMIMU fusion algorithm (Figure A1l). This indicated the opportunity to
identify the behaviour of the drift and utilize it to compensate for the same after
each update step in the Extended Kalman Filter (EKF) filter. Such a correction could
reduce accumulated errors between Ultrawideband (UWB) measurement updates

and further improve the final position estimation accuracy.

Figure AI: A zoomed region of the position estimates along one of the coordinate axes, showing a
typical drift profile between UWB measurement updates. The term drift profile is the interval
between two UWB updates, and one of the drift profiles is highlighted between the orange dashed
lines.

For this, the position estimation errors from the proposed UMIMU fusion filter
were studied to identify the repeatable trend, such that the error compensation can

be modelled as a generalized compensation model.

A.2 Method

To investigate the drift behaviour, the UMIMU fusion algorithm position estimation
errors from one of the experimental trials (measurement length around 300 seconds)
were utilized. These measurement results were from an ideal input UWB data (i.e.,

clean input UWB distance measure with no bias and random errors) with an update
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rate of 4 samples per second (sps), and 6 individual sensor positions as described in
the article. A drift profile was defined as the region between two UWDB measurement
updates (0.25 seconds), where for each interval, the drift was assumed to be zero at
the start due to EKF correction by the previous UWB update and accumulated until
the next UWB update (Figure Al). With the total duration of around 300 seconds
and UWB update rate at 4 sps, a total of 1210 drift profiles were available for analysis
per sensor (7260 drift profiles in total).

The mean representative drift profile was obtained by computing the ensemble
average over all drift intervals at each time step. From this mean drift profile, the
error at the midpoint (time step 11) was extracted and is expressed as a percentage

of the final error (time step 24).

A.3 Results

The mean drift curve cleatly followed a second-order trend (Figure A2), indicating
that drift grows nonlinearly. The midpoint error (time step 11) was consistently less
than the final error, with the average value across axes being close to 20% of the

final error.

Figure A2: Mean drift curve plot for each coordinate axis, averaged over 7260 drift profiles. The
20% of the final maximum error is represented as the dashed orange line.
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Based on the above findings, we chose to use a second-order polynomial to model

the drift curve over each EKF prediction interval.

A.4 Conclusion

Though some variation across axes was observed, using 20% as a standard midpoint
drift value would be a good approximation that provides a simplified and generalized

implementation, while retaining high correction accuracy.

The correction polynomial is constructed using:

e Start point (t=0): 0 error (immediately after UWB update),
e Midpoint (t=11): 20% of final error (empirically derived),
e End point (t=24): actual accumulated error (before next UWB update).
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B. Empirical Identification and Validation of Velocity
Drift Compensation Strategy

B.1 Background

Similar to the drift observed in position estimates, velocity estimates of the proposed
UMIMU fusion algorithm also showed a small repeatable drift (Figure B1). The
visual observation of the drift indicated this to be approximately a linear drift. This
observed linear behavior aligns closely with trends reported in the literature,
particularly in studies utilizing Zero-Velocity-Update (ZUPT) techniques for inertial
navigation systems. ZUPT-based methods typically assume a linear growth in
velocity drift between known zero-velocity instances and use this assumption to

implement linear compensation strategies [44,69,186].

Figure B1: A zoomed region of the velocity estimates along one of the coordinate axes, showing a
typical linear drift profile between UWB measurement updates. One of the drift profiles is
highlighted between the orange dashed lines.

Within this study, the common assumption of velocity drift being linear between the
UWB updates was validated to determine if the linear compensation would be a valid

compensation method.

B.2 Method and Results

To investigate the behaviour of velocity drift, data from the UMIMU fusion

algorithm were analyzed using one of the experimental trials (measurement length
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around 300 seconds). The analysis used ideal UWB inputs (ie., distance
measurements free of bias and random noise) provided at an update rate of 4
samples per second (sps), across 6 sensor nodes, as described in the main article. A
velocity drift profile was defined as the interval between two consecutive UWB
updates (0.25 seconds), where velocity estimation errors accumulate after each
update. It was assumed that the velocity drift is zero immediately following a UWB
update due to the EKF correction, and then gradually accumulates until the next
update (Figure B1). With a duration of around 300 seconds and 4 updates per
second, each sensor contributed 1202 velocity drift profiles, resulting in a total of

7212 drift profiles for analysis.

To characterize the drift pattern, the ensemble average of all velocity drift profiles
was computed at each time step within the 0.25-second window and is as seen in
Figure B2. The linear fit and coefficient of determination (R?) of the mean velocity

drift curve indicated a strong linearity in all three coordinates.

Figure B2: Mean velocity drift curve averaged over 7212 drift segments, shown with the
corresponding linear fit (ved dotted line [....]) and R values for each axis.

To further validate the linearity assumption empirically, a linear regression model
was fitted to the velocity drift for each drift profile, and the R* was computed for

each coordinate axis per drift profile. The average R* across all drift profiles was
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found to be 0.93 + 0.19 for the X-axis, 0.93 £ 0.19 for the Y-axis, and 0.93 + 0.19
for the Z-axis. These results indicate a strong linearity in the X and Y axes, while a
moderate linearity in the Z-axis, supporting the use of linear interpolation for
velocity drift compensation. These confirm the assumption of linearity in velocity
drift stated in the other ZUPT approaches. In addition, previous ZUPT algorithms
[44,186] have demonstrated that linear drift trends in short time windows are

sufficiently accurate for improving positional accuracy during human movement.

B.3 Conclusion

Based on these findings, the drift was assumed to be linear for all cases, and a linear
velocity drift compensation model was implemented between UWB update steps.

Specifically:

e Dirift is assumed to be zero at the last UWB update point.

e The drift observed at the current update is estimated from the EKF
predicted vs. corrected velocity.

e A linear interpolation is applied across the interval to progressively adjust
the velocity estimates, similar to the compensation technique used in ZUPT

algorithms.
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SUMMARY



Summary

Accurate 3D analysis of human movement (3D AHM) is essential in clinical
rehabilitation for understanding movement disorders, tailoring interventions, and
monitoring patient progress. It provides insights into the underlying mechanisms of
impairment, enabling more targeted treatments. The de facto gold standard for 3D
AHM is the optical motion capture systems, which deliver sub-centimeter accuracy
in laboratory environments. However, their reliance on dedicated infrastructure,
high costs, time-consuming post-processing, and specialized personnel restricts
them largely to research settings. In current clinical practice, movement assessment
remains mostly dependent on clinical observation and functional outcome tests,
which do not provide any insights into the underlying mechanism. This emphasizes
the need for objective, portable, cost-effective, and reliable 3D AHM tools that can

be used in real-world rehabilitation settings.

Wearable Magnetic Inertial Measurement System (MIMU)-based systems provide a
portable, cost-effective, and flexible alternative. They have developed significantly
in estimating segment orientations (angular kinematics), with sensor fusion
algorithms providing clinically acceptable accuracy. However, their performance in
position estimation (spatial kinematics) remains limited due to drift from double
integration of the free acceleration. This is a critical shortcoming because many
clinically relevant parameters, such as step length, base of support (BoS), center of
mass (CoM) trajectory, and joint displacement, rely on accurate positioning of body
segments. Therefore, addressing this limitation is important for the broader clinical

adoption of wearable systems.

Although algorithmic refinements have improved position estimation performance
in MIMU, advancements in algorithm optimizations are reaching their practical
limits. Therefore, incorporating supplementary sensors that provide redundant
positional information is seen as a promising step. In this context, integrating Ultra-
Wideband (UWB) sensors with MIMU sensors offers a promising solution,
specifically due to their complementary error characteristics. UWB provides drift-
free absolute distance estimates, but are affected by Non-Line-of-Sight (NLOS)
situations, while MIMUs are known to suffer from integration drift, but they are not
affected by NLOS. These complementary error characteristics make them ideal

candidates for improving position estimate quality through sensor fusion.

227




Summary

Though this integrated UWB/MIMU sensor shows great potential for accurate
position estimation for 3D AHM applications, they have not yet been utilized for
3D AHM applications. Instead, they have been widely used only for pedestrian
tracking and large-scale localization applications, which typically involve (much)
larger distances than those measured between points on the body in human
movement analysis applications.. Therefore, this PhD thesis focuses on the
development and validation of an integrated, portable UWB/MIMU wearable
system with multiple sensors in the body, tailored for use in 3D AHM applications.
The scope of this work is limited to technology development alone, with specific
focus on improving position estimation accuracy and exploring the integrated sensor

system’s feasibility for accurate and consistent position estimation in 3D AHM..

Initial feasibility exploration was done through a comprehensive review of existing
research (Chapter 2). This review confirmed that most studies employing integrated
UWB/MIMU sensor systems wete focused on localization or pedestrian tracking
applications, with very few exploring their application for ambulatory 3D AHM. The
accuracies achieved in estimating positions were limited to the tracking applications,
tested in large-scale indoor environments, and the general achieved position
estimation errors so far in the existing applications were around 10 cm, with very
few studies capable of achieving position estimation errors around 5 cm in
controlled environments. Also, several methodological gaps were identified that
limit the clinical relevance of existing integrated UWB/MIMU sensor systems.
Specifically, these integrated sensor systems described in the literature were not well-
characterized under conditions relevant to clinical human movement assessment.
Only a few studies cleatly report the systematic versus random etrror components in
their systems, making it difficult to assess their true accuracy and reliability under
varying conditions. These critical limitations motivated the development of a fully
integrated UWB/MIMU sensor platform along with position estimation methods
optimally suited for on-body measurement in 3D HMA applications. The nature of
the impact of these limitations on position estimation with UMIMUS is central to

the subsequent studies in this research.

The fully integrated UWB/MIMU sensor system was developed on a single physical
platform, named the UMIMU sensor system. The MIMU sensors in the UMIMU

sensor system were well studied and have been extensively validated for 3D AHM
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applications, unlike the UWB sensor technology. Therefore, systematic experiments
were conducted to evaluate and characterize the distance estimation using only the
UWB of the UMIMU sensor system, specifically in the context of 3D AHM
application settings (Chapter 3). This study examined the behavior of UWB in static
and dynamic measurements under Line-of-sight (LOS) conditions, as well as
measurements under NLOS situations caused by (simulated) human body segments,
all under the relevant 3D AHM settings. The evaluation indicated significant residual
bias errors of around 6 cm that persisted in the UWB distance measurement, even
after applying the factory-recommended antenna delay calibration procedure, as
previously reported in the literature. It was observed that the NLOS conditions
caused by human segments led to systematic overestimations, particularly when
larger segments (e.g., trunk) were involved. These effects were repeatable, suggesting
the potential for error modeling and mitigation in future fusion algorithms. In
addition, optimal sensor placement and orientation on the human body were
identified for better distance measurement in Chapter 3, based on the sensor

behavior analysis.

The findings on the presence of significant systematic errors in the distance
measurement, even after applying the recommended antenna delay calibration
procedure, indicated a need for an additional ranging calibration procedure. In
Chapter 4, a novel generalizable calibration procedure was developed, namely, the
Distance-Bias Calibration method. This Distance-Bias Calibration method applied a
non-linear optimization model assuming the existence of a sensor-specific bias error
component contributing to the bias error in all distance estimates in which a sensor
is participating. This calibration procedure also provided data on the effective sensor
center location within the sensor node casing, between which the distance was
estimated. Experimental validation showed that systematic distance errors could be
reduced to sub-centimeter levels (= 0.5 cm), representing a significant advancement
over previously reported UWB calibration results. The distance-bias calibration
method focuses exclusively on systematic errors, and the random error components

remain unchanged.

In the next step, position estimation using the UMIMU system based on the
optimized UWB distance measurements was investigated. Published methods for

position estimation using UWB sensors primarily rely on distance measurements in
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a star topology (Chapter 2). Existing position estimation algorithms estimate
positions based on geometric relationships between the fixed anchors and the
mobile tag, with algorithms such as trilateration and least square approaches. These
position estimation methods do not utilize the information on inter-node distances
between all the non-fixed sensor nodes, typically available when a swarm topology
is deployed. In this research, a swarm topology was implemented to fully exploit the
redundant information it provides. This extra data was exploited in the position
estimation through a non-linear optimization approach that utilizes all the inter-node
distances for the position estimation (Chapter 5). The swarm optimization-based
position estimation approach showed significant improvement in the position
estimation accuracy when compared to the traditional trilateration-based position
estimation, achieving mean position errors of 6.5 cm versus 8.8 cm for trilateration.
A sensitivity analysis for position estimate errors as a function of realistic estimate
error statistics provided additional insights into the performance of the proposed

swarm optimization-based position estimation approach.

As a final step, this research combined the UWB data with MIMU data using a data
fusion approach based on an Extended Kalman filter (EKF) called the UMIMU
fusion algorithm, specifically tuned for conditions to be encountered in the intended
clinical 3D AHM application (Chapter 6). Using synthetically generated UWB
distance estimates modeled on VICON-derived reference positions and measured
UWB error statistics, the proposed UMIMU fusion algorithm was validated across
varying levels of bias and random errors in distance estimation. The proposed data
fusion approach largely eliminated integration drift errors in the position estimates,
with only minimal residual drift error remaining between the UWB updates. The
resulting mean position estimation errors were around 6 cm with an SD of 3 cm,
when the UWB distance measurements had less than 1 cm bias and 5 cm noise

(values now achievable with the proposed distance-bias calibration method in
Chapter 4).

The integrated system was shown to address key gaps identified in the literature by
improving UWB accuracy (through calibration), enhancing the position estimation
robustness (via swarm optimization), and delivering drift-free stability through
sensor fusion. In Chapter 7, the achieved results and implications for future clinical

applications in 3D HMA were discussed in terms of accuracy, consistency, and
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practical integration. Although the accuracy still falls short of the benchmarks set by
the gold standard, the achieved reasonable accuracy and high consistency make the
system promising for future applications such as fall risk assessment, rehabilitation
monitoring, and unsupervised training, which justifies further research. Priorities
for follow-up research are broadly clear, and initial steps have already been taken in
new projects. In addition to further improving accuracy and consistency, a key topic
is investigating performance when applied to the human body, with special attention
to the effects of (temporary) NLOS situations and strategies to avoid or compensate

for them.

In summary, this PhD dissertation supports the feasibility of an integrated, portable
UWB/MIMU sensotr system for clinical 3D AHM, with consistent, drift-free
position estimates. While it does not yet offer a ready-made replacement for
laboratory-based 3D AHM, this study represents a significant step toward the actual

implementation of wearable sensor technology in clinical practice.
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Samenvatting

Nauwkeurige 3D-analyse van menselijke beweging (3D AHM) is essentieel in
klinische revalidatie voor het begrijpen van bewegingsstoornissen, het optimaliseren
van interventies en het monitoren van de voortgang van patiénten. Het biedt inzicht
in de onderliggende mechanismen van beperkingen, waardoor gerichtere
behandelingen mogelijk worden. De feitelijke gouden standaard voor 3D AHM zijn
optische motion capture-systemen, die sub-centimeter nauwkeurigheid leveren in
laboratoriumomgevingen. Hun afhankelijkheid van speciale infrastructuur, hoge
kosten, tijdrovende nabewerking en gespecialiseerd personeel beperkt hun
toepassing echter grotendeels tot onderzoeksomgevingen. In de huidige klinische
praktijk is beoordeling van het bewegingspatroon meestal afthankelijk van klinische
observatie en functionele testen, die geen inzicht geven in het onderliggende
mechanisme. Dit benadrukt de noodzaak van objectieve, draagbare, kosteneffectieve
en betrouwbare 3D AHM-instrumenten die kunnen worden gebruikt in

revalidaticomgevingen in de echte wereld.

Op draagbare ‘Magnetic Inertial Measurement Units” (MIMU) gebaseerde systemen
bieden een draagbaar, kosteneffectief en flexibel alternatief. Deze kunnen met
behulp van sensorfusie-algoritmen segmentoriéntaties (angulaire kinematica)
voldoende accuraat schatten voor zinnige klinische applicatie. De bepaling van
segment- en gewrichtspositie (ruimtelijke kinematica) wordt echter geplaagd door
sterke groeiende fouten als gevolg van de benodigde dubbele integratie van de vrije
versnelling (‘integration drift’). Dit is een cruciale tekortkoming, omdat veel klinisch
relevante parameters, zoals staplengte, ‘Base of Support’ (BoS), traject van het
lichaamszwaartepunt of ‘Center of Mass’ (CoM) en gewrichtsverplaatsing,
afhankelijk zijn van nauwkeurige positiebepaling van lichaamssegmenten. Daarom
is het aanpakken van deze beperking belangtijk voor bredere klinische toepassing

van draagbare systemen.

Hoewel algoritmische verfijningen de resultaten van positiebepaling in MIMU
hebben verbeterd, bereiken optimalisaties van algoritmen hun praktische grenzen.
Een potentiéle oplossing vormt het integreren van aanvullende sensoren die een
tweede onafhankelijke schatting van sensorpositie leveren. Een veelbelovende optie
wordt gevormd door de integratie van Ultra-Wideband (UWB)-sensoren met
MIMU-sensoren, met name vanwege hun complementaire foutkenmerken. UWB

biedt driftvrije absolute positieschattingen op basis van afstandsmetingen, maar
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wordt verstoord in Non-Line-of-Sight (NLOS)-situaties, terwijl positieschattingen
op basis van MIMU’s (gebaseerd op verplaatsingsschattingen) last hebben van
integratiedrift, maar geen last hebben van verstoring in NLOS situaties. Deze
complementaire sterkten en zwakten maken ze ideale kandidaten om een meer
nauwkeurige positieschatting te verkrijgen via sensorfusie dan met elk afzonderlijk

mogelijk is.

Ondanks dit potenticel voor nauwkeurige positicbepaling bij 3D AHM-
toepassingen, worden geintegreerde UWB/MIMU-sensoren nog niet toegepast
voor dergelijke doeleinden. Wel worden ze veel gebruikt voor volgsystemen voor
personen en autonome voertuigen, waar het typisch gaat om (veel) grotere afstanden
dan de afstanden die gemeten moeten worden tussen plekken op het lichaam in
menselijke bewegingsanalyse-applicaties. Daarom richt dit proefschrift zich op de
ontwikkeling en validatie van een geintegreerd, draagbaar UWB/MIMU-systeem
met meerdere sensoren op het lichaam, dat specifick is afgestemd op toepassing in
3D AHM-toepassingen. De nadruk ligt op het realiseren van de benodigde
nauwkeurigheid van (driftloze) positiebepaling en het onderzocken van de
haalbaarheid voor consistente en nauwkeurige positiebepaling in typische condities
aanwezig in 3D AHM toepassingen. Dit onderzock richt zich hiermee op het
onderzocken en ontwikkelen van de technologische mogelijkheden van UMIMU

systemen binnen de condities van deze toepassing.

Allereerst werd een haalbaarheidsanalyse uitgevoerd via een uitgebreide technische
literatuurstudie (Hoofdstuk 2). De literatuur richt zich voornamelijk op
grootschalige lokalisatie- en voetgangersvolgsystemen, en onderzoekt onvoldoende
de nauwkeurigheid en robuustheid onder condities die relevant zijn voor klinische
3D AHM-toepassingen (zoals korte afstanden en partiéle of dynamische NLOS-
situaties). Slechts enkele studies bereikten positiefouten rond de 5 c¢cm onder
gecontroleerde omstandigheden, terwijl de meeste rond de 10 cm bleven. Daarnaast
werden methodologische hiaten vastgesteld die de klinische relevantie van de
beschreven  geintegreerde ~ UWB/MIMU-systemen  bepetken.  Daarnaast
rapporteerden slechts enkele studies duidelijk de structurele versus de willekeurige
foutcomponenten, waardoor het moeilijk was om de werkelijke gevonden
nauwkeurigheid en betrouwbaarheid te beoordelen. Deze beperkingen vormden de

motivatie voor de ontwikkeling van een eigen maximaal geintegreerd UWB/MIMU-
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sensorplatform samen met positiebepalingsmethoden optimaal geschikt voor meten
op het lichaam in 3D AHM toepassingen. Het karakter van het effect van deze
beperkingen op het schatten van positie met UMIMUSs staat centraal in de diverse

studies in dit onderzoek.

Het volledig geintegreerd UWB/MIMU-sensorsysteem werd ontwikkeld op één
fysiek platform, genaamd het UMIMU-sensorsysteem. De MIMU-sensoren in dit
systeem zijn al veelvuldig en uitgebreid bestudeerd en gevalideerd in 3D AHM-
toepassingen, dit in tegenstelling tot de (nieuwere) UWB-sensortechnologie.
Daarom werden eerst systematische experimenten uitgevoerd om de afstand- en
positieschatting met de alleen UWB-componenten in het UMIMU-systeem apart te
evalueren en te karakteriseren, specifiek in de context van 3D AHM toepassing
(Hoofdstuk 3). Deze studie onderzockt onder andere het gedrag in statische en
dynamische metingen onder Line-of-Sight (LOS)-condities, evenals metingen onder
NLOS-situaties ~ veroorzaakt  door  (fysick  gesimuleerde)  menselijke
lichaamssegmenten, allemaal onder condities relevante voor 3D AHM applicaties.
De evaluatie toonde aan dat er significante resterende systematische (bias) fouten
van ongeveer 6 cm aanwezig waren in de UWB-afstandmetingen, zelfs na toepassing
van de door de producent aanbevolen kalibratieprocedure voor het instellen van de
compensatie voor de antennevertraging, zoals ook eerder in de literatuur
gerapporteerd. Er werd vastgesteld dat NLOS-condities veroorzaakt door
menselijke segmenten systematische overschattingen veroorzaakten, vooral bij
grotere segmenten zoals de romp. Deze effecten waren herhaalbaar, wat wijst op de
mogelijkheid tot foutmodellering en mitigatie in toekomstige fusie-algoritmen.
Daarnaast werd in Hoofdstuk 3 de optimale plaatsing en oriéntatie van sensoren op
het lichaam geidentificeerd voor betere afstandsmetingen, gebaseerd op

sensoranalyse.

De aanwezigheid van significante systematische fouten in de afstandsmetingen, zelfs
na toepassing van de aanbevolen antennevertragingkalibratie, gaf aanleiding tot de
ontwikkeling van een aanvullende kalibratieprocedure. In Hoofdstuk 4 werd een
nieuwe, generaliseerbare kalibratiemethode ontwikkeld: de ‘Distance-Bias
Calibration’-methode. Deze methode past een niet-lineair optimalisatiemodel toe,
waarbij wordt aangenomen dat er een sensor-specifieke biascomponent bestaat die

bijdraagt aan de fout in alle afstandsmetingen waarin een sensor participeert. Deze
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kalibratieprocedure leverde ook gegevens op over de effectieve locatie van het
sensorcentrum binnen de behuizing. Dit is de locatie binnen de sensorbehuizing
tussen welke de afstand werd gemeten. Experimentele validatie toonde aan dat
systematische fouten in afstandsschatting konden worden teruggebracht tot sub-
centimeterniveau (< 0,5 cm), wat een aanzienlijke verbetering betekent ten opzichte
van eerder gerapporteerde resultaten. De voorgestelde Distance-Bias Calibration-
methode richt zich uitsluitend op systematische fouten; de random

foutcomponenten (schattingsruis) blijven onveranderd.

In een volgende stap werd het schatten van posities met het UMIMU-systeem op
basis van de geoptimaliseerde UWB-afstandmetingen onderzocht. Gepubliceerde
methoden positiebepaling op basis van UWB-sensoren maken vooral gebruik van
afstandsmetingen in een ‘ster-topologie’ (Hoofdstuk 2). Bestaande algoritmen
schatten hierbij posities op basis van geometrische relaties tussen vaste ‘anchor’-
sensoren en mobiele ‘tag’-sensoren, onder gebruikmaking van algoritmen zoals
trilateratie- en kleinste-kwadratenbenaderingen. Deze methoden maken geen
gebruik van de informatie over onderlinge afstanden tussen alle tags, alleen van die
tussen tags en anchors. Deze worden wel gebruikt bij gebruik van een ‘zwerm-
topologie’. In dit onderzock werd een zwermtopologie geimplementeerd om
maximaal gebruik te maken van de hierdoor aanwezige redundante informatie. Deze
extra gegevens werden benut in de positiebepaling via een niet-lineaire
optimalisaticbenadering die alle onderlinge afstanden gebruikt (Hoofdstuk 5). De
zwerm-gebaseerde  positiebepaling toonde een significante verbetering in
nauwkeurigheid ten opzichte van traditionele trilateratie, met gemiddelde
positiefouten van 6,5 cm versus 8,8 cm bij trilateratie. De behaalde nauwkeurigheid
was ook vergelijkbaar met complexere algoritmen zoals die op basis van Kalman-
filters. Een gevoeligheidsanalyse van de fouten in positieschatting als functie van
realistische (op experimenten gebaseerde), synthetische gegenereerde foutcondities
gaf aanvullende inzichten in de prestaties van de voorgestelde zwerm-gebaseerde

positiebepaling.

Als laatste werd vervolgens positieschatting door combinatie van UWB-gegevens
met MIMU-gegevens basis van datafusie met een Extended Kalman Filter (EKF),
genaamd het UMIMU-fusiealgoritme, onderzocht. Dit algoritme was specifiek

afgestemd op de omstandigheden die verwacht worden in de beoogde klinische 3D
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AHM-toepassing (Hoofdstuk 6). Met gemeten MIMU data en met synthetisch
gegenereerde UWB-afstandsschattingen, gemodelleerd op met referentiesysteem
VICON gemeten positiedata in combinatie met gemeten UWB-foutstatisticken,
werd het voorgestelde UMIMU-fusiealgoritme gevalideerd onder verschillende
niveaus van bias en random foutcomponenten in de UWB afstandsschatting. De
voorgestelde datafusie benadering bleek integratiedriftfouten in de positiebepalingen
grotendeels te elimineren; slechts minimale restdriftfouten tussen UWB-updates
bleven bestaan, wat resulteerde in gemiddelde positiebepalingsfouten van ongeveer
6 cm met een standaarddeviatie van 3 c¢m, wanneer de UWB-afstandsmetingen
minder dan 1 cm bias en 5 cm ruis bevatten (Dit zijn waarden zoals nu haalbaar met

de voorgestelde Distance-Bias Calibration-methode uit Hoofdstuk 4).

Het geintegreerde systeem bleck belangrijke hiaten uit de literatuur aan te pakken
door de UWB-nauwkeurigheid te verbeteren (via kalibratie), de robuustheid van
positiebepaling te versterken (via zwermoptimalisatie), en driftvrije stabiliteit te
leveren via sensorfusie. In Hoofdstuk 7 werden de behaalde resultaten en
implicaties voor toekomstige klinische applicatie in 3D AHM besproken in termen
van nauwkeurigheid, consistentie en praktische integratie. Hoewel de
nauwkeurigheid nog onder de benchmarks van de gouden standaard ligt, maken de
behaalde redelijke nauwkeurigheid en hoge consistentie het systeem veelbelovend
voor tockomstige toepassingen zoals valtrisicobeoordeling, revalidatiemonitoring en
onbegeleide training, hetgeen verder onderzoek rechtvaardigt. Prioriteiten voor
vervolgonderzoek zijn in grote lijnen duidelijk en een start hiermee is al gemaakt in
nieuwe projecten. Naast het verder verbeteren van nauwkeurigheid en consistentie
is een belangrijk onderwerp het onderzoeken van de performance bij toepassing op
het menselijk lichaam met speciale aandacht voor de effecten van (tijdelijke) NLOS-

situaties en het vermijden hiervan of het compenseren hiervoor.

Samengevat kan worden gesteld dat dit proefschrift vooralsnog de haalbaarheid
onderschrijft van een geintegreerd, draagbaar UWB/MIMU-sensorsysteem voor
klinische 3D AHM met consistente, driftvrije positiebepalingen. Hoewel nog geen
kant-en-klare aanvulling, of vervanging, is gerealiseerd voor laboratorium gebaseerde
3D AHM, is met deze studie een belangrijke stap gezet op weg naar daadwerkelijke

toepassing van draagbare sensortechnologie in de klinische praktijk.
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