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Summary/Zusammenfassung

Movement signatures contain invaluable information about the general state of health and the ability to perform
daily activities. Quantitative movement analysis helps us understand these signatures and grasp their implica-
tions. This dissertation investigates the potential of multisensor motion capture setups, including markerless
movement estimation and wearable sensing, for clinical and occupational applications. It proposes analytics
pipelines that combine movement information with statistical and machine learning methods to extract key
health indicators and insights.

The main contributions to the �eld of automated movement analysis are: integrating multi-sensor tracking –
including depth cameras, wearable sensors, and optical motion capture—with AI1-based methods to objectively
assess movement irregularities in diverse demographics, including craftspeople and people with neurological
movement disorders Parkinson's Disease. It explores best practices for high-precision tracking, bridges clinical
and ergonomic applications, and offers a movement analysis framework that can enable early, automated detec-
tion of motor disorders and occupational risks. The work provides a foundation for scalable, real-time health
monitoring and supports the development of preventive interventions to improve quality of life and workplace
safety.

Multisensor movement capture and automated kinematic analysis were key components of this research.
Modalities include RGB-D2 cameras (e.g., AzureKinect3), Inertial Measurement Units, and optical Motion
Capture. Machine learning supported pose estimation yields joint trajectories that were processed into key
movement indicators, including Step Length, Gait Cadence, Gait Velocity, joint ranges, and temporal irreg-
ularity (arrhythmicity). For occupational tasks, ergonomic scores (e.g., Rapid Entire Body Assessment) and
guideline-based classi�cations (DGUV4 208-033) were automatically computed in different scenarios, includ-
ing laboratory settings and real-world �eld environments. Supervised models and statistical tests complement
correlation-based validation where appropriate.

In the clinical domain, the validity of RGB-D-based systems was evaluated against a gold-standard (GAITRite5)
with good agreement for Step Length, Gait Velocity, and Gait Cadence. Upper Extremity mobility was assessed
with limited correlation of amplitude/speed with MDS-UPDRS6, while arrhythmicity was a promising marker.
Markerless kinematics quantify task-speci�c and lateralized effects under Transcranial Temporal Interference
Stimulation and enable retrospective MDS-UPDRS analyses from routine video.

In the occupational domain, markerless joint angle estimation was systematically evaluated. The effects of
occlusion and viewpoint in markerless sensing were discussed. Wearable sensors and DGUV labeling revealed
high knee and back loads for �oor-level and bent work. An automated Rapid Entire Body Assessment pipeline
combined with Surface Electromyography shows mixed group effects and high inter-individual variability.
Transformer-based activity recognition can distinguish complex tasks, with performance depending on label
granularity.

Overall, this dissertation demonstrates that the principles of objective, sensor-based assessment extend seam-
lessly over occupational and neurological health assessment. Both �elds aim to mitigate the effects of motor
impairments – whether stemming from disease or work-related strain – on individuals' quality of life and
productivity. This thesis aims to help pave the way towards a multi-environment prevention-based health mon-
itoring paradigm.

1 Arti�cial Intelligence
2 Color and Depth
3 Microsoft® Azure™ Kinect™
4 "Deutsche Gesetzliche Unfallversicherung" [German Statutory Accident Insurance]
5 GAITRite® Electronic Walkway
6 Movement Disorder Society's Uni�ed Parkinson Disease Rating Scale
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Deutsche Übersetzung

Bewegungssignaturen enthalten wertvolle Informationen über den allgemeinen Gesundheitszustand und die
Fähigkeit, Alltagsaktivitäten auszuführen. Quantitative Bewegungsanalyse hilft uns, diese Signaturen zu ver-
stehen und ihre Implikationen zu erfassen. Diese Dissertation untersucht das Potenzial multisensorischer
Motion-Capture-Setups – einschließlich markerloser Bewegungsschätzung und tragbarer Sensorik – für klin-
ische und arbeitsmedizinische Anwendungen. Sie schlägt Analysepipelines vor, die Bewegungsinformationen
mit statistischen Methoden und maschinellem Lernen kombinieren, um zentrale Gesundheitsindikatoren und
Erkenntnisse zu extrahieren.

Die wesentlichen Beiträge zum Bereich der automatisierten Bewegungsanalyse sind: die Integration von
Multi-Sensor-Tracking – einschließlich Tiefenkameras, Wearables und optischem Motion Capture – mit AI-
basierten Methoden zur objektiven Beurteilung von Bewegungsauffälligkeiten in unterschiedlichen Popula-
tionen, einschließlich Handwerksberufen und Personen mit neurologischen Bewegungsstörungen (Parkinson
Krankheit). Die Arbeit untersucht Best Practices für hochpräzises Tracking, schlägt eine Brücke zwischen
klinischen und ergonomischen Anwendungen und bietet einen Bewegungsanalyse-Framework, der eine frühe,
automatisierte Erkennung motorischer Störungen und arbeitsbedingter Risiken ermöglichen kann. Die Arbeit
legt damit eine Grundlage für skalierbares, echtzeitfähiges Gesundheitsmonitoring und unterstützt die Entwick-
lung präventiver Interventionen zur Verbesserung von Lebensqualität und Arbeitssicherheit.

Multisensorische Bewegungserfassung und automatisierte kinematische Analysen waren zentrale Kompo-
nenten dieser Arbeit. Modalitäten umfassten RGB-D-Kameras (z. B. AzureKinect), Beschleunigungssensoren
sowie optisches Motion Capture. ML-gestützte Pose Estimation liefert Gelenktrajektorien, die zu zentralen
Bewegungsindikatoren verarbeitet wurden, darunter Step Length, Gait Cadence, Gait Velocity, Gelenkbewe-
gungsumfänge und zeitliche Irregularität (Arrhythmizität). Für arbeitsrelevante Tätigkeiten wurden ergonomis-
che Scores (z. B. REBA7) sowie richtlinienbasierte Klassi�zierungen (DGUV 208-033) automatisch berechnet
– sowohl in Laborumgebungen als auch in realen Feldszenarien. Überwachtes Lernen und statistische Tests
ergänzen korrelationsbasierte Validierungen, wo angemessen.

Im klinischen Bereich wurde die Validität von RGB-D-basierten Systemen gegenüber einem Goldstandard
(GAITRite) evaluiert, mit guter Übereinstimmung für Schrittlänge, Ganggeschwindigkeit und Gangkadenz.
Die obere Extremität wurde betrachtet mit begrenzten Korrelationen von Amplitude und Geschwindigkeit
mit MDS-UPDRS, während Arrhythmizität ein vielversprechender Marker war. Markerlose Kinematik quan-
ti�ziert aufgaben-spezi�sche und lateralisierten Effekte unter Transcranial Temporal Interference Stimulation
und ermöglicht retrospektive MDS-UPDRS-Analysen aus Routinenvideos.

Im arbeitsmedizinischen Bereich wurde markerlose Gelenkwinkelabschätzung systematisch bewertet. Die
Auswirkungen von Okklusion und Blickwinkel in markerlosen Verfahren wurden diskutiert. Tragbare Sen-
sorik und DGUV-Labeling zeigten hohe Knie- und Rückenbelastungen bei bodennahen und vorgebeugten
Tätigkeiten. Eine automatisierte REBA-Pipeline kombiniert mit Surface Electromyography weist gemischte
Gruppeneffekte und hohe interindividuelle Variabilität auf. Transformer-basierte Activity Recognition kann
komplexe Tätigkeiten unterscheiden, wobei die Performance von der Labelgranularität abhängt.

Insgesamt zeigt diese Dissertation, dass sich die Prinzipien objektiver, sensorbasierter Bewertung nahtlos
sowohl auf arbeitsmedizinische als auch auf neurologische Gesundheitsbeurteilung übertragen lassen. Beide
Felder zielen darauf ab, die Auswirkungen motorischer Einschränkungen – sei es durch Krankheit oder arbeits-
bedingte Belastung – auf Lebensqualität und Produktivität abzumildern. Diese Arbeit soll dazu beitragen, den
Weg hin zu einem multi-Umgebung, umfassenden, präventionsbasierten Gesundheitsmonitoring zu ebnen.

7 Rapid Entire Body Assessment
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1 General Introduction

Human movement is a powerful indicator of health and quality of life [BSF21]. With the increasing availability
of advanced sensing technologies and computational tools, the analysis of human motion has become more pre-
cise, scalable, and accessible. These developments have enabled the detailed assessment of periodic movements
–such as gait, hand gestures, and joint rotations– across clinical, occupational, and everyday settings [Ari+20a;
Ari+24].

Computer vision and machine learning have played a transformative role in this development. Frameworks
such as Google's MediaPipe [Lug+19] and Ultralytics' YOLO1 [Red16] allow for real-time, markerless video-
based human pose estimation, even on consumer-grade devices. These tools facilitate continuous, non-invasive
monitoring of motor function, expanding the reach of movement analysis beyond specialized laboratories and
into real-world environments.

Movement analysis provides critical insights into neuromuscular coordination, balance, and motor control.
In clinical settings, subtle deviations in movement patterns can serve as early indicators of neurodegenera-
tive diseases such as PD2 [Pag12; Zha+24]. In occupational contexts, repetitive or awkward movements are
associated with MSD3, particularly among aging workers [CV10; Sil08].

The integration of multi-sensor systems –including IMUs4, RGB-D cameras, and optical MoCap5– has en-
abled the development of robust models for detecting movement abnormalities. When combined with machine
learning algorithms, these systems support the extraction of meaningful biomarkers and facilitate the transition
from subjective assessments to objective, data-driven diagnostics.

This paradigm shift has broadened the scope of movement science. By quantifying movement variability
and identifying deviations from normative patterns, researchers can develop personalized risk pro�les and
preventive strategies. These approaches are especially relevant in aging societies, where mobility is closely
tied to independence and quality of life [Wil+23; BSF21].

This thesis contributes to the evolving �eld by investigating the automated analysis of periodic human move-
ments in both occupational and clinical settings. It explores the feasibility and ef�cacy of integrating wearable
sensors, RGB-D cameras, and machine learning techniques to assess motor function, detect abnormalities, and
support early intervention. The research encompasses multiple studies, including the validation of sensor sys-
tems, clinical trials, and �eld investigations, with the overarching goal of developing scalable, objective, and
accessible movement assessment tools.

1.1 Research Motivation

The global trend of population aging has several implications for public health and the availability of quali�ed
workers. According to recent demographic studies, the proportion of individuals aged 60 and older is expected
to double by 2050 [Wil+23], reaching an unprecedented share in human history. This demographic shift brings
forward critical challenges in healthcare, particularly in the management and prevention of age-related physical
and neurological decline. Among the various health concerns, one of the most signi�cant yet underaddressed
issues is the deterioration of motor function, which directly impacts an individual's quality of life, autonomy,
and productivity.

For example, PD has age as its highest risk factor [AS16]. In addition, early detection signi�cantly improves
the course of the disease [Pag12]. Furthermore, current established methods of diagnosis and monitoring are
time-consuming and labor-intensive [Zha+24].

1 You Only Look Once
2 Parkinson's Disease
3 Musculoskeletal Disorders
4 Inertial Measurement Units
5 Motion Capture



16 General Introduction

As people age, the prevalence of movement irregularities, such as gait instability and dif�culties in per-
forming certain tasks, becomes more pronounced. These motor abnormalities not only diminish the ability
to perform daily activities but also pose signi�cant risks to workplace safety and ef�ciency, especially in sec-
tors that increasingly rely on an older workforce [Sil08; PG15]. In an aging society, where extended working
lives are becoming the norm, understanding and addressing movement abnormalities in the aging population is
essential for maintaining productivity and reducing the risk of workplace accidents.

Technological advances in movement analysis, powered by innovations in wearable sensors, computer vi-
sion, and machine learning, offer a promising avenue for the early detection and assessment of motor function
deterioration. Periodic human movements, such as hand pronation-supination, �st opening and closing, �nger
tapping, and gait, are particularly well-suited for analysis using these technologies. Precise quanti�cation of
movement parameters, including speed, amplitude, and rhythmicity, enables the identi�cation of subtle abnor-
malities that might be early indicators of neurodegenerative diseases such as PD or essential tremor.

Moreover, by continuously monitoring these movements in real-world settings, it becomes possible to detect
irregularities at a stage when intervention can be most effective. The potential of these technological tools to
provide real-time, non-invasive, and continuous movement analysis may open new pathways for both clinical
practice and preventive healthcare [SKA21]. By identifying motor function impairments early, interventions
can be implemented to delay or even prevent further deterioration, ultimately improving the quality of life for
the elderly and maintaining a healthy, productive workforce. This research aims to explore the feasibility and
ef�cacy of employing modern movement analysis techniques to assess periodic human movements, measure
abnormalities, and evaluate their application for early detection of motor dysfunction in aging populations.

1.2 Research Objectives

The objective of this thesis is to investigate movement analysis in the context of movement irregularities,
with a speci�c focus on de�ning the boundaries of expected variability in movement patterns and identifying
pathological deviations. This research aims to bridge the gap between traditional clinical assessments and mod-
ern data-driven movement analysis by leveraging multi-sensor tracking, computational models, and machine
learning to extract meaningful biomarkers for motor dysfunction and occupational strain.

It is not the aim of this thesis to provide clinical diagnoses or to replace established diagnostic proce-
dures. Rather, the focus is on developing and validating analytical tools that support early detection and risk
assessment, thereby complementing, but not substituting, clinical expertise. The intention is to enable objec-
tive, scalable, and accessible movement assessment, while recognizing that de�nitive diagnosis and therapeutic
decision-making remain the responsibility of quali�ed healthcare professionals.

The emphasis on PD arises from its prevalence as a neurodegenerative disorder with signi�cant motor man-
ifestations and its status as a leading cause of disability in aging populations. PD serves as a representative
model for studying movement abnormalities due to its well-characterized motor symptoms, the availability of
standardized clinical assessments, and the urgent need for improved early detection methods. Insights gained
from the analysis of PD-related movement patterns are expected to inform broader applications in both clinical
neurology and occupational health.

1.2.1 Quantifying Normal and Abnormal Movement Patterns

To establish a foundation for movement analysis, this thesis seeks to quantify both normal and pathological
movement variability across diverse populations. Healthy individuals, individuals with neurodegenerative dis-
eases (PD), and craftspeople performing physically demanding work (who are at higher risk of WRMSDs6 [Bab+25])
will be analyzed to identify characteristic movement signatures.

6 Work-Related Musculoskeletal Disorders
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A key component of this analysis involves detecting deviations in periodic movements, such as gait, prona-
tion/supination of the hand, �nger tapping, and overhead occupational tasks. By de�ning biomechanical thresh-
olds, this thesis will differentiate between natural variability and clinically signi�cant deviations. These �nd-
ings will provide an essential basis for early detection of neurological disorders and preventive strategies against
musculoskeletal degeneration in occupational settings.

1.2.2 Enhancing Multi-Sensor Tracking for Early Detection

To improve the precision and reliability of movement assessment, this research will validate and compare
multiple motion tracking technologies. These include:

• RGB-D cameras: such as the AzureKinect (Microsoft Corporation, WA7, USA8), the iPad® and the
iPhone® (Apple® Inc.9, CA10, USA)

• IMU sensors: e.g., CAPTIV11 (TEA France, Nancy, France), Movella DOTs (Movella Inc., CA, USA)

• Optical motion capture systems:e.g., OptiTrack (NaturalPoint, Inc. DBA12 OptiTrack, Corvallis, OR13,
USA), Qualisys (Qualisys AB14, Gothenburg, Sweden)

• sEMG15 sensors:e.g., Trigno Avanti Sensors (Delsys, Inc., Natick, MA16, USA)

The thesis will investigate the advantages and limitations of each system in capturing spatiotemporal movement
parameters, joint kinematics, and joint kinetics.

By leveraging machine learning algorithms, this thesis aims to improve anomaly detection in movement,
reducing reliance on subjective evaluations and enhancing assessment precision.

1.2.3 Applying Movement Analysis for Prevention and Early Intervention

One of the primary applications of this research is the development of movement risk pro�les that facilitate early
detection and intervention strategies. In the context of neurodegenerative disorders, machine learning models
will be employed to analyze �ne motor irregularities, allowing for non-invasive, data-driven early diagnosis.

For occupational health, the thesis will focus on identifying high-risk movement patterns in craftspeople that
contribute to long-term musculoskeletal strain. By analyzing the biomechanical effects of repetitive work tasks
– such as overhead lifting, kneeling, and load carrying– this research will provide quantitative recommenda-
tions for ergonomic adaptations. Furthermore, the integration of data-driven movement assessment tools will
pave the way for real-time movement monitoring [SKA21], workplace modi�cations, and predictive injury
prevention strategies.

7 Washington
8 United States of America
9 Incorporated
10 California
11 Tech Ergo Appliquées' CAPTIV System
12 Doing Business As
13 Oregon
14 "Aktiebolag" [Corporation]
15 Surface Electromyography
16 Massachusetts
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1.3 Scope of the Thesis

This thesis focuses on the integration of multiple data sources to enable a comprehensive assessment of human
movement, with an emphasis on periodic motor tasks. These tasks provide a structured framework for detecting
abnormalities and quantifying movement variability.

The research incorporates:

• Wearable sensors data(such as IMUs and sEMG sensors) to capture kinematic and kinetic variables.
• Image-based detection(such as RGB-D cameras and MoCap systems) for external validation of movement

patterns.
• Clinically validated assessments, such as:

– MDS-UPDRS for PD symptom evaluation [Goe+08a]

– REBA [HM00] for ergonomic risk assessment

– OWAS17 [SL96] for ergonomic risk assessment

• Machine learning algorithms for anomaly detection, classi�cation, and predictive modeling.
• Applications in clinical and occupational settingsto demonstrate the utility of movement analysis for

early detection and risk prevention.
• Controlled experimental conditionsto establish baselines and validate analytical tools.
• System validationto ensure accurate and reliable data collection across diverse populations and environ-

ments.

While the �ndings are relevant to clinical neurology, occupational health, and ergonomics, this thesis does
not focus on implementing strain reduction interventions. Instead, it aims to develop analytical tools for
early detection and risk assessment. Real-world deployment and longitudinal validation are considered future
research directions.

1.4 Structure of the Thesis

This thesis is divided into �ve main parts, each addressing a speci�c dimension of the research.

1.4.1 Part I – Foundations

This part lays the groundwork for the thesis: General Introduction introduces the motivation, objectives, and
scope of the research, followed by an overview of the thesis structure. Global Literature Review presents a
global literature review, covering neurological and musculoskeletal movement disorders, classical diagnostic
and ergonomic assessment methods, and recent advances in machine learning for human pose estimation.
General Methodology outlines the general methodology, including the design of the studies, data acquisition
strategies, machine learning techniques, and ethical considerations.

1.4.2 Part II – Human studies on movement analysis for neurodegenerative dis-
eases

This part focuses on clinical applications of automated movement analysis for the early detection and mon-
itoring of PD. It evaluates sensor-based and video-based approaches for quantifying motor abnormalities,
validating their effectiveness for objective assessment in clinical neurology.

17 Ovako Working Posture Analysis System
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Chapter 4 - Validation of portable multi-sensor system for movement analysis (TEDIPA study)

This chapter presents the results of a study validating a portable multi-sensor system designed to provide
objective gait and repetitive movement biomarkers for PD monitoring and remote assessment. The role of this
chapter within the thesis is to establish sensor fusion and robust gait feature extraction methods, demonstrating
that wearable and camera-based systems yield concordant gait biomarkers in both healthy and PD populations.

Chapter 5 - Clinical study for Parkinson's Disease symptom and treatment monitoring (TETRIS Study)

This chapter evaluates the sensitivity of movement-derived metrics to short-term modulation (tTIS18) and exam-
ines the relationship between motor changes and clinical measures. Its role within the thesis is to demonstrate
that the developed analysis pipeline is capable of detecting physiologically meaningful changes in repetitive
�ne motor tasks and establishing a link between digital metrics and intervention outcomes.

Chapter 6 - Planned Retrospective Study on Video-Based Analysis of PD-Related Movements (RESBEPA
Study)

In the context of this thesis, this chapter presents only the planned study design for the RESBEPA19 study.
It outlines the intended approach for demonstrating the feasibility of extracting clinically relevant repetitive-
movement biomarkers from routine clinical video, thereby expanding the applicability of automated movement
analysis to legacy datasets and low-resource environments. No results are presented; rather, the chapter de-
scribes how such a retrospective analysis will be conducted to enable scalable re-analysis of standardized
clinical assessments.

While the �rst part focuses on clinical applications of automated movement analysis for neurodegenerative
disorders, the same principles of objective, sensor-based assessment are equally relevant in occupational health.
Both domains share a common goal: reducing the impact of motor impairments—whether disease-related or
work-induced—on quality of life and productivity. The following chapters extend this framework to muscu-
loskeletal disorders among craftspeople, demonstrating how validated methodologies and analytical pipelines
can be adapted to real-world work environments for ergonomic risk assessment and prevention.

1.4.3 Part III – Human Studies Related to Musculoskeletal Disorders

This part complements the clinical investigations by focusing on occupational health and ergonomic risk
assessment, including WRMSD, thereby integrating clinical and workplace perspectives into a cohesive frame-
work.

Chapter 7 - Validation of Video-Based Movement Assessment (Smart-BT Validation Study)

This study validates the reliability of markerless RGB-D-based BT20 systems, specially the AzureKinect,
against wearable IMU references and optical MoCap systems. The primary contribution of this chapter to
the thesis is the establishment of the accuracy, agreement, and operational limits of RGB-D-camera-only track-
ing and informs sensor selection for movement assessment in diverse contexts. Speci�cally, the investigation
focuses on assessing joint angle estimation accuracy that are relevant for MSD prevention and neuroclinical ap-
plications. The results identify conditions in which markerless BT performance degrades (for example, supine
tasks, rapid limb motion, occlusions, and infrared interference), thereby guiding future applications of these
systems in real-world settings.

18 Transcranial Temporal Interference Stimulation
19 "Retrospektive Studie zur Quanti�zierung von Bewegungsparametern bei Parkinson Patienten"

[Retrospective study to quantify movement parameters in Parkinson's patients]
20 Body Tracking
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Chapter 8 - Observational �eld study on ergonomic risk with craftspeople (ReHopE Hospitationen
Study)

In the context of this thesis, this �eld study serves to provide real-world validation of occupational strain
assessment by observing three skilled trades craftspeople in their natural work environments. Joint angles are
captured using wearable IMU sensors (CAPTIV system), and ergonomic risk levels are evaluated according
to DGUV208-033 guidelines. The analysis focuses on exposure time across body regions (neck, back, knees,
shoulders, elbows) during tasks such as climbing, lifting, �oor work, and overhead work, thereby identifying
high-risk postures and the body regions most affected by skilled trades work.

Chapter 9 - Markerless Ergonomic Assessment and Strain Analysis with Craftspeople (ReHopE
Fokusgruppe Study)

This mixed-methods study evaluates the usability and acceptance of exoskeletons (CrayX, Skelex) in skilled
trades through controlled task execution with �ve workers. Automated REBA scores are computed from video-
based pose estimation (Detectron2), and muscle activation is measured via sEMG. Post-task focus groups
gather qualitative insights on user experience and design requirements. The contribution of this chapter to the
thesis lies in demonstrating the integration of automated ergonomic assessment (REBA, sEMG) with subjective
feedback, thereby providing a comprehensive evaluation framework for the effectiveness and user acceptance
of assistive technologies in occupational settings.

Chapter 10 - Craftspeople activity recognition with Wearable Sensors (ReHopE IMU-OptiTrack Study)

This chapter establishes the feasibility of automated activity recognition for occupational movements using
deep learning methods. In a laboratory-based study with craftspeople and untrained individuals, IMUs and Op-
tiTrack optical motion capture were employed to record physically demanding tasks, including load carrying,
overhead work, �oor work, and stair climbing. The analysis examines whether modeling temporal dependen-
cies and joint interactions enables early detection of ergonomic risk factors. Furthermore, the investigation
evaluates the impact of task granularity on classi�cation performance, with a transformer-based machine learn-
ing model achieving up to 96% accuracy.

1.4.4 Part IV – Synthesis and Conclusions

This part synthesizes the �ndings from the clinical and occupational studies, highlighting their implications for
movement science, healthcare, and workplace ergonomics. It discusses the broader impact of integrating multi-
sensor systems and machine learning into movement analysis, addressing challenges such as data reliability,
scalability, and ethical considerations.

Chapter 11 - Discussion

This chapter consolidates the key results from the thesis, comparing the performance of different sensor systems
and machine learning models across clinical and occupational contexts. It evaluates the feasibility of deploying
these technologies in real-world settings and identi�es areas for improvement.

Chapter 12 - Conclusion

This chapter provides a summary of the thesis contributions, emphasizing the potential of automated movement
analysis to transform clinical diagnostics and occupational health. It concludes with a discussion of the societal
and scienti�c relevance of the �ndings, advocating for continued interdisciplinary collaboration in this �eld.
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2 Global Literature Review

2.1 Neurological Movement Irregularities

Movement irregularities are hallmark symptoms of many neurodegenerative disorders, with PD being a promi-
nent example. Characterized by a progressive loss of dopaminergic neurons, PD manifests a range of mo-
tor symptoms including tremor, bradykinesia, rigidity, and postural instability. Accurate and comprehensive
assessment of these movement abnormalities is crucial for diagnosis, monitoring disease progression, and eval-
uating therapeutic interventions [Goe+08b]. Over the years, various methods have been developed and re�ned
to capture these motor complexities, ranging from patient-reported outcomes to advanced sensor-based tech-
niques [Bou25; Kha+25; Ha25].

One foundational method for tracking motor �uctuations in PD patients involves the use of diaries. Histor-
ically, paper diaries have been employed, allowing patients to self-report their "on" and "off" states and the
presence of dyskinesias throughout the day. While offering valuable ecological insights into a patient's daily
experience, paper diaries are susceptible to recall bias, incomplete entries, and "diary fatigue" [Ha25]. The
advent of digital health technologies has introduced electronic diaries (e-diaries), which enhance compliance
and accuracy, providing a more reliable capture of motor symptom �uctuations over time [Ha25].

A cornerstone of clinical assessment for PD is the MDS-UPDRS [Goe+08a], particularly Part III, which
focuses on the motor examination. This standardized scale evaluates a broad spectrum of motor signs, in-
cluding speech, facial expression, tremor, rigidity, �nger tapping, hand movements, pronation-supination, leg
agility, and gait [Goe+08a]. Clinicians use MDS-UPDRS Part III to objectively track motor performance and
progression, making it an important outcome measure in both daily clinical practice and research trials.

Beyond structured clinical examinations, assessing applied motor skills in ADL1 provides critical insights
into the functional impact of PD on a patient's independence. PD symptoms can signi�cantly complicate
everyday tasks such as bathing, dressing, eating, and mobility. Instruments designed to evaluate ADL perfor-
mance capture the multifaceted construct of daily functionality and are essential for understanding how motor
impairments translate into real-world disability, guiding rehabilitative strategies [SGa19].

In recent years, wearable sensors and other sensoric technologies have revolutionized the objective quanti�-
cation of movement abnormalities in PD. These small, lightweight devices, often incorporating accelerometers,
gyroscopes, and magnetometers, can be worn on various body parts to capture continuous, real-time data on
movement, tremors, gait, and balance [Bou25]. This objective data provides a highly granular and unbiased
assessment of motor symptoms, often revealing subtle changes that may be dif�cult to detect during intermit-
tent clinical visits. The large-scale, high-dimensional datasets generated by these sensors necessitate advanced
analytical approaches. Machine learning algorithms are increasingly applied to extract distinctive kinematic
signatures and biomarkers from sensor data, aiding in diagnosis, differential diagnosis, and monitoring dis-
ease progression [Kha+25]. These algorithms analyze complex movement patterns, identify subtle anomalies,
and can even predict risks such as falls, thereby enhancing the precision and personalized management of
PD. The focus of the present thesis lies precisely on developing and applying such algorithms and advanced
measurement techniques to deepen our understanding and improve the assessment of movement anomalies in
neurodegenerative disorders.

2.2 Musculoskeletal Disorders Among Craftspeople

Work-Related Musculoskeletal Disorders are a signi�cant contributor to disability worldwide, leading to sub-
stantial societal costs. The integration of wearable motion capture devices in ergonomic assessments has
emerged as a promising approach to prevent WRMSDs. These devices facilitate improvements in exposure
and risk assessment and enhance the effectiveness of work technique training [LAF23; Har22].

1 Activities of Daily Living
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Traditionally, the assessment of musculoskeletal risk among craftspeople has relied on observational meth-
ods and self-reported questionnaires, such as the Nordic Musculoskeletal Questionnaire [Cra07] or direct
workplace observations. While these approaches provide valuable information about symptom prevalence and
general risk factors, they are limited by subjectivity, recall bias, and the inability to capture detailed, dynamic
movement data [Gon+21].

The adoption of wearable motion capture devices addresses these limitations by enabling continuous, ob-
jective monitoring of workers' movements in real-world environments. These devices, equipped with IMUs,
accelerometers, and gyroscopes, can record detailed kinematic data, allowing for the identi�cation of hazardous
postures, repetitive motions, and forceful exertions in real-time. The resulting data supports a more nuanced
understanding of exposure to biomechanical risk factors and facilitates the development of targeted, data-driven
interventions [SWL25].

Real-Time Monitoring They enable continuous monitoring of workers' movements, allowing for immediate
identi�cation of hazardous postures or motions.

Data-Driven Interventions The quantitative data collected can inform personalized interventions aimed at
reducing the risk of injury.

Workplace Adaptations By providing objective feedback, these devices can suggest improvements in work-
place conditions to reduce the risk of injury.

However, several challenges remain. Data privacy and security are critical concerns, particularly when
collecting sensitive health-related information in occupational settings [FOI25; Bou+22]. Ensuring device
comfort, durability, and user acceptance is essential for long-term adoption, especially in physically demand-
ing environments. Additionally, the integration of wearable data into existing occupational health and safety
frameworks requires standardized protocols and validation studies.

The future of ergonomic assessment among craftspeople lies in the integration of wearable technology with
advanced data analytics and machine learning. These approaches enable the extraction of meaningful patterns
from large, complex datasets, supporting predictive modeling of injury risk and the development of proactive
prevention strategies [SWL25]. For example, machine learning algorithms can identify subtle changes in move-
ment variability or compensatory strategies that may precede the onset of musculoskeletal symptoms, allowing
for early intervention.

The application of wearable motion capture devices aligns with the objectives of this thesis, particularly in es-
tablishing movement variability baselines among craftspeople and developing AI-driven movement assessment
tools for health monitoring and workplace adaptations. The portability and unobtrusiveness of these devices
make them suitable for continuous monitoring in diverse work environments, providing a comprehensive un-
derstanding of movement patterns and risk exposures. With the integration of machine learning, these systems
can achieve highly accurate motion tracking and risk prediction, supporting the development of effective early
detection and intervention strategies.

2.2.1 Occupational Risk Factors

For craftspeople, "the most commonly reported biomechanical risk factors with at least reasonable evidence
for causing WRMSDs include excessive repetition, awkward postures, and heavy lifting" [DV10]. These risk
factors are prevalent in various industries, such as construction, manufacturing, and healthcare, where workers
are exposed to physically demanding tasks that require repetitive movements and sustained postures. The
cumulative effect of these occupational risk factors can lead to MSD, including pain in shoulders, elbows,
wrists and hands, lumbar spine, knees, and ankles [Siz+04].
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2.2.2 Impact on Movement Patterns

Occupational risk factors such as repetitive motions, forceful exertions, and awkward or static postures have a
profound impact on the movement patterns of craftspeople [DV10; BP97]. Over time, these factors can lead to
compensatory movement strategies, where workers unconsciously alter their posture or technique to minimize
discomfort or fatigue [ML07; Kei+11].

Furthermore, the persistent exposure to these risk factors can reduce movement variability, as workers tend
to adopt habitual patterns that may not be ergonomically optimal [ML07; SD11]. This reduction in variability
is associated with a higher likelihood of overuse injuries, as the same tissues are repeatedly loaded in a similar
manner. Conversely, some individuals may exhibit increased movement variability as a coping mechanism,
which can also be maladaptive if it leads to inef�cient or unsafe work techniques [SD11]. Understanding
these changes in movement patterns is crucial for designing effective ergonomic interventions and for the
development of sensor-based monitoring systems that can detect early signs of maladaptive movement and
prevent the progression of WRMSDs.

2.3 Classical methods for neurological movement irregularity assessment.

This section provides an overview of established clinical and observational methods used to assess neurological
movement irregularities. These classical approaches form the foundation for evaluating motor symptoms in
neurodegenerative disorders, offering standardized frameworks for symptom quanti�cation and comparison.
Understanding these methods is essential for contextualizing recent advances in sensor-based and algorithmic
assessment techniques.

2.3.1 Movement Disorder Society's Uni�ed Parkinson Disease Rating Scale

The MDS-UPDRS [Goe+08a] is a comprehensive clinical rating scale designed to assess both motor and non-
motor symptoms of PD. It is divided into four main parts, each targeting speci�c domains of the disease: Part
I evaluates non-motor experiences of daily living (e.g., cognitive impairment, mood, and sleep disturbances);
Part II assesses motor experiences of daily living, focusing on the patient's self-reported dif�culties with activ-
ities such as speech, handwriting, and walking; Part III is the motor examination, performed by a clinician, and
includes detailed tests for tremor (rest, postural, and kinetic), rigidity, bradykinesia (e.g., �nger tapping, hand
movements, pronation-supination, leg agility), postural stability, and gait; Part IV addresses motor complica-
tions, such as dyskinesias and motor �uctuations [Goe+08a]. Each item is scored on a scale from 0 (normal) to
4 (severe), allowing for a nuanced quanti�cation of symptom severity and progression.

The motor examination in Part III, as highlighted in section 2.1, is particularly important for objectively
evaluating changes in motor function. Speci�c tests within Part III are tailored to detect characteristic motor
abnormalities: tremor is assessed at rest and during action, rigidity is evaluated in multiple limbs, and bradyki-
nesia is measured through repetitive movements such as �nger tapping and hand opening/closing. Gait and
postural stability are examined through walking and balance tasks. This structured approach enables clinicians
to systematically capture the range and severity of motor symptoms in PD, supporting both clinical decision-
making and research applications [Goe+08a; SGa19].

Its structured scoring and direct observational methodology allow clinicians to quantify disease severity and
progression, supporting both routine monitoring and the evaluation of therapeutic outcomes. Due to its clinical
robustness, the scale is frequently used as a benchmark in research and serves as a comparative reference for
newer, sensor-based or algorithmic diagnostic methods.
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2.4 Classical methods for ergonomics assessment

Ergonomic assessment methods are essential tools for evaluating workplace postures and movements to identify
potential risks for MSDs. These methods provide structured frameworks for analyzing how workers interact
with their environment, allowing for the identi�cation of hazardous postures and the development of interven-
tions to improve workplace ergonomics. While there are numerous ergonomic assessment tools available, this
section focuses on three widely used methods: REBA [HM00], OWAS [SL96], and RULA2 [MC04].

2.4.1 Rapid Entire Body Assessment

The REBA [HM00] is a comprehensive ergonomic assessment tool designed to evaluate the postural risks
associated with work tasks, focusing on the whole body. REBA [HM00] systematically assesses the postures
of various body segments, such as the neck, trunk, legs, and arms, as well as external factors like force, grip
type, and coupling. Each body segment is assigned a score based on its position and the degree of �exion,
extension, abduction, or rotation. The �nal REBA [HM00] score is calculated through a series of formulas that
combine the individual segment scores and other task-related variables, categorizing the task into one of �ve
action levels. These action levels indicate the need for ergonomic intervention, ranging from negligible risk to
high-risk conditions that require immediate attention.

REBA [HM00] is particularly useful in industrial and healthcare settings, where workers are often exposed
to awkward and repetitive postures. It provides a relatively quick and simple way to identify risks that may
contribute to MSDs, such as back pain or shoulder injuries. The tool is designed to be used by practitioners
with limited ergonomic expertise, making it widely accessible. However, the trade-off for simplicity is the
lack of speci�city in assessing more subtle or dynamic postural variations, and its effectiveness may decrease
in more complex scenarios where movement patterns are highly variable or involve multiple interacting risk
factors.

2.4.2 Ovako Working Posture Analysis System

The OWAS [SL96] is an ergonomic assessment method developed speci�cally to evaluate postural stress during
industrial work. It analyzes the worker's posture in relation to the back, arms, legs and the load being handled.
The OWAS [SL96] assigns each posture to one of four categories based on the severity of its ergonomic risk,
with Category 1 representing a low risk and Category 4 representing a highly harmful posture requiring im-
mediate intervention. These categories provide a guide for employers to redesign work tasks or implement
ergonomic changes to reduce physical strain on workers and prevent injuries.

OWAS [SL96] is most effective for continuous work tasks where postures tend to be static or repetitive, such
as assembly lines or manual labor in industries like mining and construction. A key advantage of OWAS [SL96]
is its simplicity and ease of use, which allows non-experts to quickly learn and apply the method. However,
like other observation methods, OWAS [SL96] has limitations, particularly in its ability to assess complex
or dynamic work environments. It is less sensitive to details of posture or movement, which may make it
less suitable for high-precision tasks or highly variable postures. Nevertheless, it remains a valuable tool for
identifying and mitigating postural risks in many industrial settings.

2.4.3 Rapid Upper Limb Assessment

The RULA [MC04] is a specialized ergonomic tool for assessing the risk of MSDs in tasks involving the
upper body, focusing on the arms, wrists, neck and upper trunk. Like REBA [HM00], RULA [MC04] assesses

2 Rapid Upper Limb Assessment
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posture, strength and repetition, but is speci�cally designed for tasks involving hand-held tools, sedentary tasks
or tasks requiring �ne motor control. The scoring system generates an overall risk level for the task, with
higher scores indicating a greater need for ergonomic interventions. The RULA [MC04] approach allows for
the assessment of a wide range of occupational tasks, from of�ce work to industrial activities, making it a
versatile tool for occupational health and safety.

RULA [MC04] is valuable because it focuses on upper body posture, which is a common cause of work-
place injury, particularly in sectors such as healthcare, manufacturing and of�ce environments. The method
is quick to apply and requires no special equipment, making it accessible to both practitioners and non-
practitioners. However, the simplicity of the RULA [MC04] method also means that it can overlook some
complex whole-body movement patterns or fail to account for changes in posture over time. Despite these lim-
itations, RULA [MC04] remains a widely used and effective method for identifying and mitigating ergonomic
risks to the upper body.

2.5 Machine learning tools for Human pose estimation

Christian Lins [Lin21] describes the development of evolutionarily optimized posture and movement models
based on motion capture data for use in health-related assistance systems. This work details software prototype
development and empirical evaluations of feasibility and ef�cacy. Two use cases are examined. The �rst ad-
dresses classi�cation of postures, where a classi�er is developed that classi�es postures based on data from an
inertial motion capture suit (SIRKA3) using the OWAS [SL96] method. The system could be employed in in-
telligent workwear to warn against health-hazardous postures. The second use case derives training parameters
for CPR4 based on an optical motion capture system (KinectV25). A model computes compression frequency
and depth from the movements during CPR, potentially supporting rescuer training. The shortcomings of this
work are detailed in the following aspects:

Sensor Errors The motion-capture suit SIRKA introduces inaccuracies due to sensor placement. The sensors
are integrated into clothing rather than placed directly on the skin. This results in positional shifts of several
centimeters during movement, which vary between repetitions and participants. This inconsistency can lead
to different data readings even if the posture appears the same to an observer.

Calibration Issues Calibration is conducted of�ine and may not fully account for variations in clothing thick-
ness worn under the suit during different measurements. If calibration is inaccurate, it can lead to �awed
data collection, affecting posture classi�cation.

Data Labeling and Digitalization The manual process of digitizing posture observations introduces potential
errors. If data entries are misinterpreted or incorrectly digitized, contradictions in the dataset can arise,
reducing the accuracy of the neural network's posture classi�cation.

Limited Training Data The machine learning models, particularly the neural networks, suffered from over�t-
ting due to limited training data. This was especially noticeable in the classi�cation of leg postures, where
the algorithm struggled to generalize rules from the small dataset.

Sensor NoiseSensor data is subject to noise caused by minor manufacturing differences and temperature
�uctuations, which affect the accuracy of measurements. Additionally, the lack of magnetometer data in
the SIRKA system can lead to errors in orientation estimation, especially during periods of low movement
activity.

Jan Vox [Vox22] focuses on the recognition and assessment of body postures and movements using joint angles,
supported by motion-capture sensor technology. It explores two main applications: Movement Training and
Ergonomic Analysis: The work evaluates alternative motion-capture sensors like RGB-D cameras and Light-

3 "Sensoranzug zur individuellen Rückmeldung körperlicher Aktivität"
[Sensor suit for individual feedback on physical activity]

4 Cardiopulmonary Resuscitation
5 Microsoft® Kinect™ V2
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house tracking systems, aiming to offer a more accessible and less costly solution for analyzing movements
and postures based on joint angles.

Sensor Accuracy and Algorithms: The research assesses the accuracy of these motion sensors against the
gold standard (marker-based optical systems) and delves into algorithms for detecting movements, posture
segmentation, and automatic ergonomic assessment. The research aims to develop a framework for automatic
recognition and evaluation of postures and movements using these technologies.

Key applications are in supporting movement training, ergonomic analysis, and reducing the risk of MSD at
workplaces.

Nevertheless, the work also has some possible areas of improvement:

Accuracy IssuesAlternative sensor technologies, such as older RGB-D cameras and Lighthouse tracking sys-
tems, show reduced accuracy compared to the gold standard (marker-based systems), especially in joint
angle analysis, which is essential for ergonomic assessments and movement training.

Complex Calibration Motion capture systems require detailed calibration, and inaccuracies in this process
can severely impact the quality of joint angle estimations, making the data unreliable.

Environmental Sensitivity Certain systems, such as the Lighthouse system, are sensitive to environmental
conditions like lighting and obstacles, which limit their use in uncontrolled real-world environments.

Cost and Accessibility Consumer-friendly motion capture systems are more affordable but often sacri�ce pre-
cision, presenting a challenge in balancing affordability with the high accuracy and robustness required in
professional applications.

The work by the International Parkinson and Movement Disorders Society Task Force on Technology
[Esp+16] discusses the role of emerging technologies in the clinical management of PD, focusing on both
the challenges and opportunities these technologies present. The paper identi�es several key issues and contri-
butions.

Key Contributions

Technological Challenges and Opportunities:The authors discuss the challenges related to the integration
of different technological platforms, particularly in long-term deployment among elderly patients. They also
highlight the gap between the large volumes of data generated by sensors and their clinical applicability.
Despite these issues, the authors emphasize the potential of open-source, adaptable technologies that could
be used for real-time monitoring and individualized treatment systems for PD patients.

Identi�cation of Technological Barriers: The paper highlights the dif�culties in achieving platform compat-
ibility, ensuring long-term monitoring of PD patients, and effectively applying the data collected through
advanced technologies in clinical settings.

Opportunities in Open-Source Technologies:The authors advocate for the development of open-source plat-
forms for data collection, which could help in creating more customizable, cost-effective solutions for per-
sonalized care and symptom monitoring in PD patients.

Integration of Multichannel Data for Personalized Treatment: The work calls for integrated systems that
can capture a wide range of motor and non-motor symptoms in PD, leading to personalized, self-adjusting
treatment regimens that could enhance patient outcomes and disease management.

Comprehensive Overview of Challenges and Future Potential:The paper provides a comprehensive overview
of the challenges and future potential of technology in the management of PD, offering insights that could
guide future research and clinical practice.

Prof. Esko�er's paper [Esk+16] investigates the application of deep learning for monitoring movement dis-
orders, speci�cally bradykinesia in patients with PD, using data from wearable inertial sensors. The study
compares deep learning approaches, particularly CNNs, with traditional machine learning methods, such as
decision trees and support vector machines, for classifying motor tasks. The results show that deep learn-
ing outperforms other machine learning algorithms by at least 4.6% in classi�cation accuracy. The paper
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contributes to the �eld by highlighting the potential of deep learning for sensor-based assessment of motor
symptoms in PD patients, as well as discussing its advantages and challenges.

The three main contributions of this paper are:

1. Comparison of deep learning with traditional machine learning techniques for detecting bradykinesia in PD.
2. Application of deep learning methods, such as convolutional neural networks, to wearable inertial sensor

data for automated analysis of movement disorders.
3. Discussion of the advantages and challenges of using deep learning for sensor-based assessment of move-

ment disorders and suggestions for future research.

2.6 Synthesis and Research Gap

The reviewed literature demonstrates signi�cant progress in the objective assessment of movement irregular-
ities and ergonomic risk using both classical and sensor-based methods. Clinical rating scales such as the
MDS-UPDRS and established ergonomic tools like REBA, OWAS, and RULA provide structured frameworks
for symptom quanti�cation and risk identi�cation. Recent advances in wearable sensor technology and ma-
chine learning have enabled more granular, continuous, and objective measurement of motor symptoms and
workplace exposures [Bou25; Kha+25; SWL25; Esk+16]. These developments have improved the accuracy
and scalability of movement analysis, supporting early detection, monitoring, and intervention in both clinical
and occupational settings.

Despite these advances, several challenges remain. Many existing approaches are limited by the need for
manual annotation, calibration complexity, or reduced accuracy in uncontrolled environments [Vox22; Lin21].
There is a lack of standardized protocols for integrating sensor-based data into clinical and occupational work-
�ows, and the translation of high-dimensional sensor data into actionable insights is still an open problem.
Furthermore, most studies focus on either clinical or occupational populations, with few addressing both do-
mains or leveraging cross-domain methodologies.

This thesis addresses these gaps by developing and validating automated, scalable methods for quantifying
movement variability and ergonomic risk using markerless and wearable sensor systems. The work integrates
advanced machine learning algorithms with multi-modal sensor data to enable robust, reproducible assessment
of movement in both laboratory and real-world environments. By bridging clinical and occupational applica-
tions, this research contributes to the advancement of objective, data-driven movement analysis and supports
the development of personalized interventions for health monitoring and workplace adaptation.
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3 General Methodology

This chapter details the methodologies employed to examine movement irregularities, validate multisensor
tracking systems, and develop AI-driven assessment tools. The research integrates data from multiple studies,
conducted in collaboration with several institutions:

• Department of Health Services Research of the UOL1

• University Clinic for Neurology of the UOL

• University of Applied Sciences Jade Hochschule

• Research Institute OFFIS e. V.2

These collaborations occurred in the context of several projects:

• ReHopE3 (BMBF4 02K20D130)

• TEDIPA5 (OFFIS Internal Funds - Vorlaufforschung)

• Smart-BT6 (BMBF 16SV8580)

• TETRIS7 (Funded by Joint MD/PhD Programme Groningen-Oldenburg)

3.1 Collaboration Statements

At the conclusion of each chapter describing the individual studies, a CRediT [22] contribution statement is
provided. The CRediT taxonomy de�nes 14 standardized roles to transparently capture the range and nature
of contributions to scholarly work, in accordance with best practices established by the NISO8 and formalized
as an American National Standard (ANSI/NISO Z39.104-2022, approved January 14, 2022). For each study,
the speci�c contributions of all authors are detailed using these roles, ensuring a transparent, consistent, and
structured record of scholarly contributions. This practice aligns with international standards and supports the
integrity and reproducibility of the research.

3.2 Methodology Overview

Understanding and evaluating human movement in clinical and occupational settings requires a multifaceted
methodological approach. This section introduces the overarching strategies and study designs that underpin
the research presented in this thesis. The integration of diverse methodologies –from quantitative validation
studies to qualitative observational analyses– re�ects the interdisciplinary nature of movement science and the
need to address complex, real-world problems. Each study was carefully designed to answer speci�c research

1 "Carl von Ossietzky Universität Oldenburg" [Carl von Ossietzky University of Oldenburg]
2 "eingetragener Verein" [registered association]
3 "Reduktion körperlicher Belastungen von Handwerksberufen durch optimierte Exoskelette"
[Reduction of physical strain in skilled trades through optimized exoskeletons]

4 "Bundesministerium für Bildung und Forschung" [German Federal Ministry of Education and Research]
5 "TEleDIagnostik und Verlaufskontrolle bei PArkinson Erkrankungen"
[Telediagnostics and progression monitoring in Parkinson's disease]

6 "Optimierte Bewegungstherapie durch die Interaktion künstlicher Intelligenz und Videotechnik mit Healthcare Professionals und Patien-
ten" [Optimized movement therapy through the interaction of arti�cial intelligence and video technology with healthcare professionals
and patients]

7 Transcranial Temporal Interference Stimulation of Deep Brain Regions
8 National Information Standards Organization
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questions related to movement irregularities, sensor validation, and the development of AI-driven assessment
tools.

The studies summarized here were conducted in collaboration with leading institutions and span a range
of contexts, including clinical trials, �eld-based ergonomic assessments, and laboratory-based validation ex-
periments. By combining data from multiple sources and employing both established and novel measurement
techniques, the research aims to ensure robust, generalizable �ndings. The following overview highlights the
scienti�c classi�cation of each study, illustrating the breadth of methodological approaches and their relevance
to the thesis objectives.

Table 3.1 provides a comprehensive summary of the different methodologies employed across the stud-
ies discussed in this thesis. It categorizes each study according to the speci�c research approach or technique
utilized, such as validation studies, observational studies, design science, and clinical evaluations. This classi�-
cation helps readers quickly understand the methodological diversity and rigor present in the body of research,
highlighting how each study contributes unique insights based on its chosen approach. By presenting this
information in a structured format, the table facilitates comparison between studies and supports a clearer
interpretation of the overall research landscape.

Table 3.1: Scienti�c Methodology Classi�cation of Thesis Studies

Descriptive Title Scienti�c Methodology
Validation of portable multi-sensor system for
movement analysis (TEDIPA study)

Cross-sectional comparative validation study using
quantitative clinical evaluation

Clinical study for Parkinson's Disease symptom and
treatment monitoring (TETRIS Study)

Cross-sectional randomized, double-blind, sham-
controlled cross-over trial with quantitative move-
ment analysis

Planned Retrospective Study on Video-Based Anal-
ysis of PD-Related Movements (RESBEPA Study)

Planned secondary data analysis using digital phe-
notyping and retrospective modeling (study design
only)

Validation of Video-Based Movement Assessment
(Smart-BT Validation Study)

Cross-sectional validation study comparing depth-
based tracking with reference systems

Observational �eld study on ergonomic risk with
craftspeople (ReHopE Hospitationen Study)

Cross-sectional quantitative observational �eld
study using MoCap data

Markerless Ergonomic Assessment and Strain Anal-
ysis with Craftspeople (ReHopE Fokusgruppe
Study)

Cross-sectional small-sample observational study
with ergonomic risk tasks and qualitative validation

Craftspeople activity recognition with Wearable
Sensors (ReHopE IMU-OptiTrack Study)

Cross-sectional design science study using MoCap-
labeled data to train IMU-based ergonomic scoring
models

It is important to note that while this classi�cation provides a useful framework for understanding the
methodologies employed, it does not fully capture the exploratory nature and focus on speci�c movement
indicators present in many studies. Often, the analysis in this thesis examines subsets of the data or emphasizes
the evaluation of particular movement metrics, re�ecting the iterative and investigative approach of movement
science research. Readers are encouraged to refer to the detailed descriptions in subsequent sections for a more
nuanced understanding of each study's design, execution, and contributions.

3.3 Scienti�c Methodology

The methodological design of this thesis aligns with themixed-methodsparadigm, integrating quantitative,
qualitative, and computational techniques to address the multidimensional nature of human movement in clin-
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ical and occupational contexts. Mixed-methods research is particularly suitable when a single methodological
approach is insuf�cient to fully address a complex research problem [Cre03; JOT07].

The following subsections describe the human studies conducted by the author that contributed to the real-
ization of this thesis.

3.3.1 Validation of portable multi-sensor system for movement analysis (TEDIPA
study)

This study follows acomparative validation study methodology, grounded in quantitative clinical evaluation
and instrument validation protocols [Por20]. It evaluates the AzureKinect-based system against the GAITRite
walkway [SK11]. Quantitative gait parameters such as SL9, Cad10, and Gait Velocity were extracted and
compared using statistical metrics including Pearson correlation and Bland-Altman plots [Ari+24].

3.3.2 Clinical study for Parkinson's Disease symptom and treatment monitoring
(TETRIS Study)

This randomized, double-blind, sham-controlled, cross-over study investigates the effects of tTIS on motor and
motivational processes in PwPD's11 and healthy controls (HPs12) [DRK25]. tTIS enables non-invasive stimula-
tion of deep brain regions by applying two high-frequency alternating currents (e.g., 2 kHz13 and 2.1 kHz) via
scalp electrodes, generating a lower-frequency interference envelope in deep brain targets (ROI14) such as the
putamen or nucleus accumbens, producing a low-frequency envelope (e.g., 0.1 kHz) that modulates neuronal
activity [Gro+17]. This enables modulation of subcortical oscillations while minimizing cortical stimulation.

The study includes:

• Motor performance assessment: Finger tapping and hand open-close tasks analyzed with RGB-D video
kinematic capture.

• Motor learning : Sequential �nger tapping and hand open-close tasks.
• Motivational behavior : Effort/reward tasks.
• Probabilistic learning: Effort/reward tasks.

Stimulation targets were individualized using MRI15-based modeling to optimize electric �eld localization
in the Putamen for motor tasks and the Nucleus Accumbens for motivational tasks. The study was conducted at
a single academic center in Germany, with a �nal sample size of 36 participants aged 45-75 years. Participants
completed both real and sham stimulation conditions in counterbalanced order under double-blind conditions.
Movement data were recorded using RGB-D cameras and analyzed for amplitude, Gait Velocity, acceleration,
and arrhythmicity [Lug+19].

9 Step Length
10 Gait Cadence
11 Participants with Parkinson's Disease
12 Healthy Participants
13 Kilohertz
14 Region of Interest
15 Magnetic Resonance Imaging
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3.3.3 Planned Retrospective Study on Video-Based Analysis of PD-Related Move-
ments (RESBEPA Study)

This chapter presents only the planned study design for the RESBEPA study. The intended approach is a
retrospective study utilizing secondary data analysis of standardized MDS-UPDRS tasks. Skeletal joint trajec-
tories will be extracted using MediaPipe and analyzed for changes in amplitude, velocity, and arrhythmicity.
The methodology aligns with digital phenotyping and clinical informatics [Xia+24; Ste+24]. No results are
presented in this chapter.

3.3.4 Validation of Video-Based Movement Assessment (Smart-BT Validation Study)

This study employed a cross-sectional validation design conducted in a controlled lab setting. Participants
performed a series of prede�ned movement tasks while being recorded simultaneously by multiple sensor
systems. The methodology focused on comparing joint recognition accuracy between the AzureKinect DK16

and reference systems including CAPTIV, Qualisys, and smartphone-based pose estimation.

Quantitative analysis included:

• RMSE17 for joint angles
• ICC18 for reliability
• Bland-Altman plots for agreement
• Temporal synchronization across modalities

3.3.5 Observational �eld study on ergonomic risk with craftspeople (ReHopE Hospitationen
Study)

This study employed a quantitative observational �eld design. Craftspeople were recorded in real working
conditions using an RGB-D camera and IMU systems. Joint-speci�c ergonomic risks were quanti�ed across
multiple tasks, and visualized using pie charts for both individual joints and task types, classi�ed using DGUV
208-033 guidelines [Deu15] to measure postural load among craftspeople in real working conditions. Un-
like classical naturalistic observation rooted in qualitative ethnography, the methodology involved objective
kinematic measurement of joint angles, followed by classi�cation of ergonomic risk levels using standardized
criteria. This structured, numerical approach situates the study within the domain ofcross-sectional ergonomic
surveillance, a sub�eld of occupational epidemiology focusing on postural risk pro�ling [Kil94].

3.3.6 Markerless Ergonomic Assessment and Strain Analysis with Craftspeople
(ReHopE Fokusgruppe Study)

This study represents acontrolled laboratory experiment with qualitative validation , which can be cate-
gorized as aquasi-experimentaldesign. It involved a small sample of �ve craftspeople performing high-risk
tasks. Movement data were collected with and without exoskeletons. The methodology is observational with
ergonomic risk pro�ling and qualitative validation through structured discussions. The use of focus group
discussions adds an interpretivist lens, while the structured replication of tasks lends itself to quantitative com-
parability [Sha02].

16 Developer Kit
17 Root Mean Square Error
18 Intraclass Correlation Coef�cient
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3.3.7 Craftspeople activity recognition with Wearable Sensors (ReHopE IMU-OptiTrack
Study)

A design science approach was used to train ergonomic scoring models. High-precision MoCap data were used
to label IMU recordings, enabling future �eld deployment of IMU-only systems for ergonomic assessment [LAF23].

3.3.8 Summary

The methodological diversity across studies re�ects the interdisciplinary nature of movement analysis. By
integrating observational, experimental, and computational paradigms, the thesis supports robust triangulation
and contributes to both clinical and occupational domains.

The detailed study designs, objectives, participant information, sensing modalities, and tasks or protocols
for each study will be elaborated in their respective chapters. This ensures a comprehensive understanding of
the methodologies employed and their relevance to the thesis objectives.

3.4 Data Collection

This section describes the procedures and protocols for data collection across all studies included in this thesis.
It outlines the selection criteria for participants, the sensing modalities and systems used for movement data
acquisition, and the standardized processes implemented to ensure data quality and consistency. By detail-
ing the data collection framework, this section provides context for the subsequent analyses and supports the
reproducibility and validity of the research �ndings.

3.4.1 Selection of Participants

The participant selection varied depending on the study: A diverse participant pool was essential to ensure the
validity and generalizability of the methodologies and �ndings. Healthy participants were included to estab-
lish baseline movement patterns and validate sensor systems under controlled conditions. PwPD's, diagnosed
according to established criteria [Pos+15], were crucial for evaluating the tools' applicability in clinical con-
texts, particularly for detecting movement irregularities linked to neurological motor disorders. Craftspeople
were involved to assess the ergonomic risk pro�ling methods in real-world occupational settings, ensuring the
�ndings' relevance to workplace health and safety. This diverse selection enabled comprehensive validation
across clinical, laboratory, and �eld environments.

• Validation of portable multi-sensor system for movement analysis (TEDIPA study): 13 participants diag-
nosed with PD and 11 healthy controls.

• Clinical study for Parkinson's Disease symptom and treatment monitoring (TETRIS Study): 36 participants
(18 with PD, 18 healthy controls).

• Planned Retrospective Study on Video-Based Analysis of PD-Related Movements (RESBEPA Study):
Planned analysis of data from 380 PwPD's (study design only).

• Validation of Video-Based Movement Assessment (Smart-BT Validation Study): 10 healthy adults for val-
idation of movement tracking.

• Observational �eld study on ergonomic risk with craftspeople (ReHopE Hospitationen Study): 3 craftspeo-
ple.

• Markerless Ergonomic Assessment and Strain Analysis with Craftspeople (ReHopE Fokusgruppe Study):
5 craftspeople.

• Craftspeople activity recognition with Wearable Sensors (ReHopE IMU-OptiTrack Study): 15 experienced
craftspeople and 15 inexperienced participants.
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3.4.2 Movement Data Acquisition

Movement data was captured using:

• RGB-D Imaging: AzureKinect DK
• 3D19 Color-Based Pose Estimation: MediaPipe [Lug+19]
• 2D20 Color-Based Pose Estimation: Detectron2 [Wu+19]
• Gait Analysis: GAITRite
• Motion Capture: OptiTrack, Qualisys
• IMUs: CAPTIV system, Movella DOTs [Mov23] and IMUs integrated into Delsys sEMGs

The acquired movement data was processed using BT frameworks and analyzed for movement abnormalities.

3.5 Relevance of Each Study to the Thesis Objectives

Each study included in this thesis contributes uniquely to the overarching goal of understanding and evaluating
repetitive movements, validating sensor systems, and developing AI-driven assessment tools. The following
sections outline the relevance of each study, the repetitive movements analyzed, the algorithms or pipeline
components utilized, and the speci�c data subsets employed. A summary is provided in Table 3.2.

19 Three-Dimensional
20 Two-Dimensional
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Table 3.2: Relevance of Studies to Thesis Objectives

* Indicates repetitive movements analyzed from MDS-UPDRS tasks.
Study Short Name Repetitive Movement Algorithms/Pipeline

Components
Data Subset Used

TEDIPA Gait*, Finger Tapping*,
Hand Movements*

Gait analysis from
RGB-D data, video-
based 3D pose es-
timation, statistical
comparison

video and AzureKinect-
BT data, GAITRite
data, MDS-UPDRS
scores for Finger
Tapping* and Hand
Movements*

TETRIS Finger Tapping*, Hand
Movements*

video-based 3D pose
estimation, statistical
comparison

video and
MDS-UPDRS scores
for Finger Tapping* and
Hand Movements*

RESBEPA Gait*, Finger Tapping*,
Hand Movements*, Toe
Tapping*, Leg Agility*

video-based 3D pose
estimation, statistical
comparison

video and
MDS-UPDRS scores
for Gait*, Finger
Tapping* and Hand
Movements* , Toe Tap-
ping* and Leg Agility*

Smart-BT Gait*, Finger Tapping*,
Hand Movements*, Toe
Tapping*, Leg Agility*

3D Joint Angle Calcu-
lation, Joint angle ac-
curacy metrics (RMSE,
ICC)

AzureKinect-BT data,
MoCap system marker
position data and IMU
rotation data

ReHopE Hospitationen Gait, Load Lifting, Arm
Movements

Ergonomic risk quan-
ti�cation, IMU-based
Joint angle analysis

video and IMU data

ReHopE Fokusgruppe Gait, Load Lifting, Arm
Movements

Automation of er-
gonomic risk quanti�-
cation, video-based 3D
pose estimation, sEMG
analysis

video and sEMG data,
questionnaires

ReHopE IMU-OptiTrack Gait, Load Lifting,
Pronation/Supination

IMU-based Human Ac-
tivity Recognition for
craftspeople

MoCap-labeled IMU
data

3.5.1 TEDIPA Study

The TEDIPA study focuses on repetitive gait and hand movements, which are critical for assessing motor im-
pairments in PD. The study evaluates hand movements from the MDS-UPDRS using algorithms for movement
parameter extraction and validates the AzureKinect-based system against the GAITRite walkway for gait anal-
ysis with a statistical comparison (e.g., Pearson correlation, Bland-Altman analysis). This study contributes
to the thesis by demonstrating the feasibility of using portable multi-sensor systems for clinical gait and hand
movement analysis.

3.5.2 TETRIS Study

The TETRIS study investigates repetitive hand movements from the MDS-UPDRS, which are essential for
understanding motor processes in PD. The study employs video analysis to evaluate motor performance and
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learning. This aligns with the thesis objective of exploring the mechanistic effects of interventions on repetitive
motor tasks.

3.5.3 RESBEPA Study

The RESBEPA study analyzes repetitive movements from retrospective video data of standardized MDS-UPDRS
tasks. Using MediaPipe for skeletal joint trajectory extraction, the study applies digital phenotyping techniques
to identify movement irregularities. This study supports the thesis by leveraging secondary data to validate
AI-driven movement analysis pipelines.

3.5.4 Smart-BT Validation Study

The Smart-BT study evaluates repetitive �tness exercises and movement disorder assessments using multiple
modalities of BT. Algorithms for joint recognition accuracy (e.g., RMSE, ICC) are applied to compare the
different modalities. This study contributes to the thesis by providing insights into the strengths and limitations
of each tracking modality.

3.5.5 ReHopE Hospitationen

The "ReHopE Hospitationen" study examines repetitive occupational tasks performed by craftspeople. Using
RGB-D cameras and IMU systems, ergonomic risks are quanti�ed based on joint-speci�c postural loads. This
study aligns with the thesis by addressing real-world applications of movement analysis in occupational health.

3.5.6 ReHopE Fokusgruppe

The "ReHopE Fokusgruppe" study investigates repetitive high-risk tasks with and without exoskeletons. Move-
ment data is analyzed qualitatively and quantitatively to assess ergonomic interventions. This study contributes
to the thesis by integrating observational and computational approaches to evaluate strain reduction measures.

3.5.7 ReHopE IMU-OptiTrack Study

The "ReHopE IMU-OptiTrack" study focuses on repetitive simulated work tasks, using MoCap-labeled IMU
data to train ergonomic scoring models. This study supports the thesis by advancing the development of AI-
driven tools for ergonomic assessment.

3.6 Machine Learning Techniques

The general machine learning techniques employed across the studies are detailed in this section, focusing on
feature extraction, model architecture, model selection, and training/validation procedures.
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3.6.1 Feature Extraction

Feature extraction is a critical step in preparing raw movement data for machine learning analysis. In the
context of this research, features were derived from both kinematic and kinetic data captured during movement
tasks. The following types of features were extracted:

• Kinematic Features: Joint angles, velocities, and accelerations were computed from the skeletal joint
trajectories obtained through depth imaging and motion capture systems. These features provide insights
into the spatial and temporal dynamics of movement.

• Kinetic Features: Force and torque data were derived from wearable sensors, such as IMUs and sEMGs,
which measure the physical forces exerted during movements. These features are essential for understand-
ing the mechanical aspects of movement and can indicate strain or abnormal patterns.

• Temporal Features: Time-series analysis was applied to the movement data to capture patterns over time.
This included computing statistical measures such as mean, variance, and peak values of joint angles and
forces, as well as more complex features such as arrhythmicity.

• Contextual Features: In some studies, additional contextual information such as task type and environ-
mental conditions was incorporated as features. This helps in understanding how different factors in�uence
movement patterns and can improve model generalization.

The extracted features were then normalized and standardized to ensure some consistency across different
datasets. Recursive feature elimination and correlation analysis was employed to identify the most relevant
features for the speci�c tasks at hand, thereby reducing dimensionality and improving model interpretability.

3.6.2 Model Architecture

The selection of model architecture is critical for capturing the complex relationships present in sequential
data. In this research, a combination of Long Short-Term Memory networks and attention mechanisms was
utilized to address the challenges of modeling temporal dependencies and the varying importance of sequence
elements.

3.6.3 Model Selection

The selection of an appropriate model architecture is of critical importance in the analysis of sequential data,
where temporal dependencies and evolving patterns must be effectively captured. Traditional feedforward neu-
ral networks are ill-suited to such tasks, as they process inputs independently and lack the capacity to model
temporal correlations inherent in time-series or sequential datasets. In contrast, RNNs were speci�cally de-
veloped to address these limitations by incorporating recurrent connections that allow the network to maintain
a form of memory over past inputs [Elm90]. This temporal recurrence enables RNNs to learn dependencies
across time steps, which is fundamental in domains such as human motion analysis, natural language process-
ing, and sequential event modeling.

However, standard RNNs exhibit signi�cant challenges when attempting to model long-range dependencies
due to the vanishing and exploding gradient problems during backpropagation through time [BSF94]. These
issues can prevent the network from effectively learning relationships between distant events in the input se-
quence. To mitigate this, Hochreiter and Schmidhuber [HS97] introduced LSTM21 networks, a specialized
variant of RNNs designed to maintain long-term dependencies through the use of gated memory cells. LSTMs
feature a cell state that is modulated by three gating mechanisms –input, forget, and output gates– that col-
lectively control the information �ow into and out of the memory cell. This structure allows LSTMs to se-
lectively retain information over extended sequences and discard irrelevant or outdated information, making

21 Long Short-Term Memory
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them well-suited for modeling complex temporal patterns such as variations in human movement or behavioral
sequences. Despite their advantages, LSTMs alone do not explicitly differentiate between the importance of
various elements within an input sequence. This limitation can be critical in real-world applications where
certain moments in a sequence may carry more relevance than others. To address this, attention mechanisms
have been integrated into RNN22 and LSTM architectures to enable dynamic weighting of sequence elements
during processing [Vas+17]. Attention mechanisms allow the model to learn which parts of the input sequence
are most relevant to a given task, thereby enhancing both the performance and interpretability of the model. By
computing a context vector as a weighted sum of all hidden states, the attention mechanism enables the network
to focus selectively on informative time steps, improving its ability to capture salient features in sequences with
variable or noisy information. In the context of this research, the combination of LSTMs and attention mecha-
nisms provides a robust and �exible framework for modeling sequential data. The LSTM's capability to retain
long-term temporal dependencies, paired with the attention mechanism's capacity for selective focus, ensures
that the model can effectively learn both the structural and contextual aspects of sequential inputs. This makes
the LSTM-attention architecture particularly suitable for tasks involving dynamic movement analysis, temporal
pattern recognition, and any application where sequence relevance varies over time.

3.6.4 Training and Validation

Training and validation procedures varied according to study objectives, data modalities, and model architec-
tures, as detailed in Human studies on movement analysis for neurodegenerative diseases and Human Studies
Related to Musculoskeletal Disorders.

For machine learning models, datasets were split into training, validation, and test sets, ensuring strati�cation
by participant group and task type. Cross-validation techniques, such as k-fold and leave-one-subject-out, were
employed to assess generalizability and mitigate over�tting. Hyperparameter optimization was performed
iteratively, with model selection guided by validation performance.

In studies involving sequential data, models were trained using time-series movement features, with early
stopping and regularization to prevent over�tting. Validation included monitoring loss curves and evaluating
metrics such as classi�cation accuracy and F1-score on held-out data.

All training and validation work�ows adhered to reproducibility standards, with code and data pipelines
version-controlled and documented for transparency. Further details on study-speci�c protocols and results are
provided in the respective chapter appendices.

3.6.5 Evaluation Metrics

Evaluation metrics varied across studies, re�ecting the speci�c objectives and data modalities. Detailed results
and discussions for each metric are provided in the respective chapters (Human studies on movement analysis
for neurodegenerative diseases and Human Studies Related to Musculoskeletal Disorders).

• Agreement and Reliability: ICC, Pearson correlation, and Bland-Altman analysis were used to assess
agreement and reliability between sensor systems and reference standards (see chapter 4, chapter 7).

• Accuracy: RMSE and MAE23 quanti�ed joint angle and movement parameter accuracy in validation stud-
ies (see chapter 7, chapter 4).

• Clinical Outcomes: For clinical trials (see chapter 5), metrics included changes in motor performance (e.g.,
�nger tapping speed, effort-reward scores) and pre-post intervention differences.

• Ergonomic Risk: Studies on craftspeople (see chapter 10, chapter 8, chapter 9) used ergonomic risk scores,
postural load classi�cation (DGUV 208-033), and frequency of high-risk postures.

22 Recurrent Neural Network
23 Mean Absolute Error
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• Model Performance: For machine learning models, metrics included classi�cation accuracy, F1-score, and
confusion matrices for human activity recognition chapter 10.

• Usability and Feasibility: Qualitative ratings and structured focus group feedback assessed intervention
feasibility and user acceptance (see chapter 9).

These metrics ensured robust validation, clinical relevance, and practical applicability of the developed sys-
tems and models.

3.6.6 Model Deployment

The trained machine learning models were deployed on HPC24 infrastructure provided by OFFIS e. V. lever-
aging both remote GPU25-enabled workstations and local servers. Primary deployment environments included
the DGX-A100 cluster (dgx-a100-1.pkm.lcl.of�s.de), equipped with 8 NVIDIA A100-SXM4-80GB GPUs and
256-core AMD26 EPYC processors, and the hrc-workstation2.lcl.of�s.de, featuring a single NVIDIA GeForce
RTX27 3080 Ti and a 24-core Intel i9-12900KF CPU28. These resources enabled ef�cient training, inference,
and large-scale data processing for movement analysis tasks, which was necessary due to the high computa-
tional demands of the models, which were hundreds of GBs29.

Model serving and integration utilized a combination of established frameworks and custom solutions.
PyTorch30 was the primary deep learning framework for model development and inference, with ONNX31

employed for model export and interoperability across platforms. TensorFlow was used for MediaPipe-based
pose estimation, while CUDA32 and CUDF33 libraries facilitated GPU acceleration for both training and real-
time inference. Python scripts and Bazel build tools were used to orchestrate data pipelines and deployment
work�ows.

The deployment of these models translated research outcomes into practical tools for clinical, occupational,
and research applications. For example, automated movement assessment systems were integrated into clinical
trials for objective evaluation of motor symptoms, while ergonomic risk pro�ling tools supported occupa-
tional health interventions in �eld studies. The use of containerized environments and remote access enabled
seamless collaboration between research teams and facilitated reproducible, scalable deployment of AI-driven
assessment tools across diverse settings.

3.7 Ethical Considerations

For each study included in this thesis, approval was obtained from the respective Ethics Committee to en-
sure compliance with ethical standards and guidelines. The approval numbers and corresponding committees
are summarized in Table 3.3. This process underscores the commitment to conducting research responsibly,
safeguarding participant rights, and adhering to institutional and legal requirements.

24 High Performance Computing
25 Graphics Processing Unit
26 Advanced Micro Devices
27 Ray Tracing Texel eXtreme
28 Central Processing Unit
29 GigaBytes
30 Python Torch Deep Learning Framework
31 Open Neural Network Exchange
32 Compute Uni�ed Device Architecture
33 CUDA DataFrame Library
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Table 3.3: Ethics Committee Approval Numbers for All Studies

Study Short Name Ethics Committee Ethics Approval Number
TEDIPA Medizinische Ethikkommission UOL [2019-103]
TETRIS Medizinische Ethikkommission UOL [2022-164]
RESBEPA Medizinische Ethikkommission UOL [2025-090]
Smart-BT Commission for Research Impact

Assessment and Ethics UOL
[Drs.EK/2021/057]

ReHopE Hospitationen OFFIS e. V. Studienboard 2022P011
ReHopE Fokusgruppe OFFIS e. V. Studienboard 2023P015
ReHopE IMU-OptiTrack OFFIS e. V. Studienboard 2024P031

3.7.1 Informed Consent

All participants provided informed consent before taking part in the studies. They were informed about the
nature of data collection, the scope of movement recordings, and their right to withdraw at any time.

3.7.2 Privacy and Con�dentiality

Data was collected in a pseudonymized or anonymized manner, ensuring that no personally identi�able infor-
mation was linked directly to movement data. All collected information followed GDPR34 and institutional
data protection policies. The anonymized datasets will be stored securely for a minimum of 10 years for future
research use.

34 General Data Protection Regulation
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4 Validation of portable multi-sensor system for move-
ment analysis (TEDIPA study)

This chapter is partly based on the following publications:
Pedro Arizpe-Gomez et al. “Preliminary Viability Test of a 3-D-Consumer-Camera-Based System for Auto-
matic Gait Feature Detection in People with and without Parkinson's Disease”. In:2020 IEEE International
Conference on Healthcare Informatics (ICHI). IEEE. 2020, pp. 1–7
Pedro Arizpe-Gómez et al. “Towards automated self-administered motor status assessment: Validation of a
depth camera system for gait feature analysis”. In:Biomedical Signal Processing and Control87 (2024),
p. 105352

This chapter presents published and new �ndings from the TEDIPA study, a human study on neurodegener-
ative diseases.

4.1 Introduction

Mobility profoundly in�uences an individual's quality of life. Gait disturbances represent a characteristic
hallmark of aging, musculoskeletal alterations, and a majority of neurological diseases, including neuropathies,
stroke, multiple sclerosis, and PD. Furthermore, the precise detection and analysis of spatial and temporal
parameters of impaired gait are crucial, as they enable the prediction of falls and functional decline in elderly
populations [MSK14; Rod+19].

Methodologies for detecting and quantifying gait disturbances span a spectrum from subjective question-
naires to objective, sensor-based automatic gait analysis systems. To ensure clinically reliable detection of gait
parameters, participants are typically instructed to ambulate along a straight path of 8 to 10 meters, free from
obstacles, at their self-selected pace.

A variety of medical devices have been developed for diverse applications in movement analysis. These
range from high-precision marker-based optoelectronic motion capture systems, such as the Vicon® system [Vic15],
which typically assess human movements in a controlled laboratory setting, to IMU that are applicable in real-
world, everyday environments. The data collected by these systems exhibits variability primarily in�uenced by
kinematic variables and the precision of the movement measurements.

One example is the portable sensor system GaitLab1, which has been approved as a medical device and pro-
vides clinically validated parameters. The sensor shoe specializes in analyzing gait. The GaitLab continuously
measures the gait quality of patients during their everyday life and, thanks to its certi�cation as a medical de-
vice, can be used for the everyday care of neurodegenerative conditions, like PD [Sch+17a]. Nevertheless, this
device also presents paradigm related disadvantages. The lack of context-related information and the inability
to synchronously evaluate other extremities favor alternative approaches.

The GAITRite [Inc13] (CIR2 Systems, NJ3, USA) has become a standard instrument for gait analysis. The
device consists of a single layer pressure sensitive walkway. It can measure temporal and spatial parameters
for a large number of clinically relevant gait parameters with a high accuracy [Inc13]. Although this walkway
is relatively mobile, its installation (e.g, in a home setting or a general practice) is time consuming and re-
quires trained personnel, making gait analysis more cost intensive and in�exible. Therefore, GAITRite is more
suitable for clinical or professional settings.

1 Mobile GaitLab - Portabiles HealthCare, Erlangen, Germany
2 Clinical Image Retrieval
3 New Jersey
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Optimal gait analysis at home or in doctor's of�ce does not require speci�c staff or the cumbersome attach-
ment of markers or IMUs and offers an automated evaluation that reports gait parameters accurately [Bal+14;
SS11]. Movement analysis systems based on RGB-D consumer cameras combine several advantageous prop-
erties. They can be installed at small local doctor's of�ces and even in patients' homes, and can be used in less
advanced technical settings and may be easier to handle. If the data recordings and automated kinematic analy-
sis are accurate, such systems can provide medical personnel with comprehensive information. This could lead
to better detection of gait disturbances, targeted treatment decisions and therefore may improve the patients'
quality of life.

Several studies have already proposed the use of RGB-D cameras such as the �rst and second versions of
the KinectV14 and KinectV2 to record and analyze gait parameters in the context of health services[Elt+17;
Cun+16; Ara+15; Gal+14; Tan+19]. Baldewijns et al. used the KinectV1 system and report overall acceptable
correlation coef�cients of 0.94 for average SL and 0.75 for average step time per walk [Bal+14]. However, the
authors report some problems:

(i) . . . that arise from the small �eld of view (about 2.8 m) of the KinectV1 camera.
(ii) . . . with de�ning the exact SL for single steps on the basis of the kinetics of the center of mass
(iii) . . . regarding a dropout rate of one third among all study participants due to technical and software prob-

lems associated with the KinectV1 RGB-D camera system.

In a further study, the KinectV1 was compared with the marker based Vicon® [Vic15] motion capture system
demonstrating a satisfactory correspondence between both systems with regard to the Vel5 variability, a risk
factor for falls in elderly people [SS11]. Both studies demonstrated the feasibility of analyzing basic gait
parameters using an RGB-D consumer camera system. However, both studies also showed limitations such as
problematic automated motion detection in a small FOV6.

To overcome the mentioned limitations, the present study addresses the question whether a high de�nition
RGB-D consumer camera can accurately measure basic parameters of gait (such as SL, Vel and Cad) on an
8.84 m GAITRite walkway.

Compared to previous works, the proposed system incorporates three main improvements:

The �rst improvement is the use of the RGB-D camera and BT software of the AzureKinect DK [Bam+18].
This device is the successor model of the KinectV2. It offers signi�cantly higher depth resolution and also
improved body pose estimation accuracy [Alb+20]. Besides, the selected approach compares the use of the
coordinates of the more reliable estimation of the pelvis position for gait parameter identi�cation to the use of
the noisy estimation of the feet coordinates.

The second improvement is the utilization of 3 interconnected cameras [LLH12] for a complete capture of
the GAITRite walking range. The GAITRite is an accepted gold standard for gait analysis, and is used as the
ground truth.

The third improvement is the inclusion of HPs and participants suffering from neurological motor disorders
(PD). This choice of sample increases the variability of gait parameters, which in turn drives validation per-
formance. The inclusion of participants with neurological disorders also validates the feasibility of a RGB-D
camera gait analysis in a patient cohort.

Furthermore, when compared to IMU-based analysis, an advantage of the proposed AzureKinect-based
system is that the movement of multiple body key points can be tracked without the necessity of actively
attaching sensors to the body.

The aim of this study is to validate a proof-of-concept system for movement analysis. The current validation
mainly concerns new methods for deriving key gait parameters from depth camera data (in this case from

4 Microsoft® Kinect™ V1
5 Gait Velocity
6 Field of View
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the depth camera of the AzureKinect DK).The main purpose is to elicit whether movement features can, in
principle, be derived from the 3D coordinate data provided by the AzureKinect-based system.

The current validation doesn't address the experimental measurement setup itself, it just evaluates its capa-
bility to achieve a level of comparability between the AzureKinect-based system and the GAITRite.

Prospectively, it could be evaluated if the proposed camera setup can then be adapted to a home environment.
Besides, the system could also be used for the assessment of other movement features, like arm swing, spinal
�exion and neck �exion.

4.2 Materials and Methods

This section details the methodology and procedures employed in the TEDIPA study. It describes the study
design, participant recruitment, inclusion and exclusion criteria, experimental setup, data acquisition, and the
processing pipelines used for kinematic analysis. The aim is to provide a comprehensive overview of how the
portable multi-sensor system was validated for movement analysis, ensuring reproducibility and transparency
of the research approach.

4.2.1 Study design

This was a monocentric, observational, cross-sectional study conducted at the University Clinic for Neurology,
Oldenburg, Germany, between October and December 2019. The study included two arms:

• Arm 1: Participant with Parkinson's Disease; Target sample size: n=10; Final sample size: n=157.
• Arm 2: Healthy controls (HP, no neurological disorder); Target sample size: n=10; Final sample size:

n=11.

Recruitment and study procedures were completed at a single academic center. The study was prospectively
registered (DRKS800020921) and received a positive ethics opinion from the Medizinische Ethikkommission
der Carl von Ossietzky Universität Oldenburg (reference number [2019-103]). All participants gave their in-
formed consent to participate in the study in written form. No compensation was provided for participation.

Key inclusion and exclusion criteria are summarized in Table 4.1.

Table 4.1: Key inclusion and exclusion criteria

Inclusion Exclusion
Age over 18 years Inability to provide consent
Ability to provide informed consent Insuf�cient understanding of study procedures or

German language
For PD arm: diagnosis of Parkinson's syndrome Immobility (bedridden)
For control arm: no evidence of neurological dis-
order

Participation in other studies

Collected data included video, image, and audio recordings, as well as demographic information (age, sex)
and clinical scores (MDS-UPDRS).

The primary objectives were to assess the feasibility and validity of the TEDIPA system for automated,
markerless movement analysis, to compare its extracted parameters with those from the GAITRite system, and

7 Due to �le corruption errors, only 13 of these datasets could be included
8 "Deutsches Register Klinischer Studien" [German Clinical Trials Register]
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to evaluate the relationship between the automatically extracted kinematic parameters and the clinician-rated
motor impairment MDS-UPDRS Scores.

A paper-based MDS-UPDRS Part III [Goe+08a] assessment was conducted for all participants by a trained
neurologist. All examined items of the MDS-UPDRS Part III Examination Items (see Table 4.2) were assessed
on paper. It is important to note that not all items can be meaningfully captured by the camera, as some features
(e.g., LLE9, LUE10, RLE11, RUE12, rigidity or certain aspects of postural stability) are not visually observable
on video recordings. Furthermore, the camera's maximum FPS13 does not allow for proper tremor assessment.

The clinical scores (MDS-UPDRS ratings, evaluating the severity of motor symptoms from 0 to 4) obtained
were compared to various movement indicators derived from the body part position estimation done with Me-
diaPipe [Lug+19] from the AzureKinect-based system, such as movement amplitude, movement speed, and
arrhythmicity (see subsubsection 4.2.3.2, subsubsection 4.2.3.3). This comparison aimed to evaluate the rela-
tionship between the automatically extracted kinematic parameters and the clinician-rated motor impairment
scores.

For the validation of the gait feature extraction methods proposed in this system, the GAITRite is used as the
ground truth. The deviations between the proposed system and the ground truth are determined both in normal
gait patterns of HPs and in pathological gait patterns of the study participants with motor impairments.

For the analysis of the non-gait Examination Items MDS-UPDRS Part III feature extraction methods pro-
posed in this system, an explorative analysis of correlations was conducted between the movement indicators
derived from the system and the clinical scores obtained by a trained neurologist. This analysis aimed to eval-
uate the relationship between the automatically extracted kinematic parameters and the clinician-rated motor
impairment scores.

Table 4.2: MDS-UPDRS Part III Examination Items

Item ID Item Description Item ID Item Description
3.1 Speech 3.10 Gait
3.2 Facial expression 3.11 Freezing of gait
3.3a Rigidity - Neck 3.12 Postural stability
3.3b Rigidity - RUE 3.13 Posture
3.3c Rigidity - LUE 3.14 Global spontaneity of movement
3.3d Rigidity - RLE 3.15a Postural tremor - Right hand
3.4a Finger tapping - Right hand 3.15b Postural tremor - Left hand
3.4b Finger tapping - Left hand 3.16a Kinetic tremor - Right hand
3.5a Hand movements - Right hand 3.16b Kinetic tremor - Left hand
3.5b Hand movements - Left hand 3.17a Rest tremor amplitude - RUE
3.6a Pronation-supination movements - Right hand3.17b Rest tremor amplitude - LUE
3.6b Pronation-supination movements - Left hand 3.17c Rest tremor amplitude - RLE
3.7a Toe tapping - Right foot 3.17d Rest tremor amplitude - LLE
3.7b Toe tapping - Left foot 3.17e Rest tremor amplitude - Lip/jaw
3.8a Leg agility - Right leg 3.18 Constancy of rest tremor
3.8b Leg agility - Left leg Were dyskinesias present? (yes/no)
3.9 Arising from chair DYSKINESIA IMPACT ON PART III RATINGS

HOEHN AND YAHR STAGE

9 Left Lower Extremity
10 Left Upper Extremity
11 Right Lower Extremity
12 Right Upper Extremity
13 Frames Per Second
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4.2.2 Experimental Setup

Both the assessment of MDS-UPDRS Part III Examination Items 3.10 and 3.11 (Gait and Freezing of gait),
the GAITRite and three AzureKinect DK cameras were installed in a corridor in the Neurology Clinic with a
length of over 10 meters and a minimum width of 1 meter (see Figure 4.1).

Figure 4.1: Experimental setup [Ari+20b].
(a) Perspective of camera 0 during gait assessment on the GAITRite walkway.
(b) Perspective of camera 2 during gait assessment on the GAITRite walkway.

For the rest of the MDS-UPDRS Part III Examination Items, camera 0 and 2 were repositioned to face a
chair inside the examination room, ensuring an optimal view of the sitting participants during the evaluation
(See Figure 4.2). This setup allowed a trained neurologist to systematically assess motor function using the
MDS-UPDRS scale, while simultaneously capturing detailed movements and postures. The cameras' place-
ment facilitated unobstructed recording of the assessment. This con�guration ensured that the data collected
could be used for subsequent kinematic analysis, providing a comprehensive understanding of each partici-
pant's motor impairment.

4.2.2.1 The GAITRite System as Ground Truth

The ground truth for gait analysis was provided by the GAITRite, which is a certi�ed medical device. The
system consists of a carpet-like mat with a 2-D array of pressure-sensitive sensors, which are activated when the
participants walk over them. With every step, a few dozen sensors are activated. Their position and activation
timing are transmitted from the processing unit to the attached computer through a USB14 cable. A proprietary
software processes the transmitted data for all steps within a walk and infers the course of each walk. The user
is given the opportunity to manually edit the walk before saving it to a database. Once saved, the software
further calculates and derives several step-wise indicators, like SL, step width and time, as well as several
aggregated indicators, like average Vel and Cad, and average step time and count.

These indicators constitute a basis for clinical gait analysis. Spatial data are stored in the 2D coordinate
system of the GAITRite system (see Figure 4.3).

14 Universal Serial Bus
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Figure 4.2: Camera Setup for the non-gait examination items of MDS-UPDRS Part III assessment.
Upper Left ) Perspective of camera 0 during non-gait examination items of MDS-UPDRS Part III.
Lower Left ) Perspective of camera 2 during non-gait examination items of MDS-UPDRS Part III.

Right) Anonymized image with MediaPipe [GB20] keypoint overlay.
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Figure 4.3: Overview of experimental setup.
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4.2.2.2 The Microsoft® Azure™ Kinect™ Camera

The AzureKinect DK consists of the following elements: the AzureKinect RGB-D-Consumer-Camera, with
a 1-MP15 depth sensor and a 12-MP RGB16 video camera [Bam+18]; the open source sensor DK software
library for video and depth image processing; the closed source Body Tracking DK for body pose estimation
and tracking [Mic19]; and other sensors that were not used in this work. AzureKinect is a spatial computing
DK with advanced machine vision capabilities, that is available on the consumer market.

The AzureKinect depth sensor is a time-of-�ight depth camera. For every frame, infrared rays (see Table 4.3)
are emitted towards the objects in the �eld of view. The depth sensor registers the refraction of these rays and
measures the time it takes them to bounce back to the infrared receiver.

Table 4.3: Depth modes of the AzureKinect depth sensor [Mic19].

Mode Resolution
Rays per
Frame

Frame Rates
(FPS)

Exposure time Operating
Range**

WFOV
unbinned

1024� 1024 1 048 576 5, 15 20.3 ms 0.25–2.21 m

NFOV
unbinned

640� 576 368 640 5, 15, 30 12.8 ms 0.5–3.86 m

*WFOV
2 � 2 binned

512� 512 262 144 5, 15, *30 12.8 ms 0.25-2.88 m

*NFOV 2 � 2
binned (SW)

320� 288 92 160 5, 15, *30 12.8 ms 0.5-5.46 m

* Used for this project
**15% to 95% re�ectivity at850nm 2:2� W=cm 2=nm, random error SD� 17 mm,
typical systematic error< 11mm + 0 :1%of distance without multi-path interference.
Depth may be provided outside of the operating range indicated above.
It depends on an object's re�ectivity [Mic19].

From this information, the processing unit of the camera can calculate the distance between the camera and
several points on the surfaces of all the objects in the camera's �eld of view and their position relative to the
camera. For the purposes of this study,2 � 2 binned NFOV17 and WFOV18 modes were selected because they
offer a bigger operating range and a comparable number of FPS (see Table 4.3).

The AzureKinect BT SDK19 receives the depth images as input and uses a previously trained Convolutional
Neural Network (CNN20) [Alb+20] to search for structures resembling human bodies. For each frame in which
such patterns are found, it estimates the positions of 32 key points throughout the body (BT-joints), which
are shown in Figure 4.4. Spatial data are stored in the 3D coordinate systems of each single AzureKinect DK
camera (0, 1, 2) (see Figure 4.3).

15 MegaPixel
16 Red, Green and Blue
17 Narrow Field of View
18 Wide Field of View
19 Software Development Kit
20 Convolutional Neural Network
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Figure 4.4: BT-Joint Hierarchy of AzureKinect BT [Mic19]
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4.2.3 Kinematic data processing with MediaPipe

RGB video recordings of motor tasks were processed using the MediaPipe framework for markerless pose
estimation and hand tracking [Baz+20; Lug+19]. The GPU-accelerated Holistic graph, which integrates body,
face, and hand landmark detection, was compiled from source using Bazel to ensure compatibility and optimal
performance on the designated workstation (Ubuntu 20.04.6 LTS, NVIDIA GeForce RTX 3080 Ti GPU, 24-
core 12th Gen Intel Core i9-12900KF CPU).

The Holistic pipeline provided frame-wise 3D coordinates for 33 body landmarks (see Figure 4.5) and 21
landmarks per hand (see Figure 4.6), enabling precise quanti�cation of hand and �nger movements. For each
video, relevant hand landmarks (such as wrist, MCP21, PIP22, DIP23, and �ngertip positions) were extracted,
and task-speci�c amplitude signals were computed, including the Euclidean distance between selected joints
or the spread of �nger tips. These amplitude signals served as the basis for subsequent time-series analyses.

Figure 4.5: MediaPipe Pose Estimation keypoint topology [Baz+20] [Res20]

GPU acceleration facilitated real-time processing of high-resolution video data, with landmark detection
rates exceeding 30 frames per second. The use of the Holistic graph ensured robust tracking even under chal-
lenging conditions, such as occlusions or rapid movements. All extracted landmark data were exported to
CSV24 �les for further preprocessing and feature extraction.

Time-series amplitude signals were extracted from trial-wise CSV �les. Each CSV contained a discrete
frame index (column headerFrame) and an amplitude value (column headerValue ). Prior to feature extrac-
tion, each amplitude series underwent the following preprocessing steps:

21 Metacarpophalangeal
22 Proximal Inter-phalangeal
23 Distal Interphalangeal
24 Comma-Separated Values
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Figure 4.6: MediaPipe Hand Estimation keypoint topology [Zha+20] [Goo25]

4.2.3.1 Peak detection

Peaks were detected on the �ltered series using adaptive thresholds. The minimum IPI25 was 25 samples.
Thresholds for height and prominence were set as fractions of the signal range.

4.2.3.2 Amplitude, Speed, and Acceleration Trends

For each variable, a linear regression was computed on the peak valuesyi against timet i :

yi = � 0 + � 1t i + � i ; i = 1 ; : : : ; n;

where� 0 is the intercept,� 1 the slope for the respective variable, and� i the residuals. The slope� 1 quanti�es
the rate of change of the peaks over time for the respective variable.

The coef�cient of determination (R2) was calculated as

R2 =

 P
i (t i � �t)(yi � �y)

p P
i (t i � �t)2

P
i (yi � �y)2

! 2

;

where�t and�y denote means oft i andyi , respectively. This statistic represents the proportion of variance in
the peak values explained by the linear model.

4.2.3.3 Arrhythmicity

Arrhythmicity was quanti�ed from the IPIs. Given peak timestampst1; : : : ; tm , the IPIs are

� t j = t j +1 � t j ; j = 1 ; : : : ; m � 1:

The mean IPI is

� t =
1

m � 1

m � 1X

j =1

� t j :

Arrhythmicity Arr is de�ned as the mean absolute deviation of IPIs from their mean:

Arr =
1

m � 1

m � 1X

j =1

�
� � t j � � t

�
� ;

LowerA indicates a more regular rhythm. The units are seconds.

25 Inter-Peak Intervals
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4.2.3.4 GAITRite and Camera Arrangement

The allocation of the GAITRite mat was a challenge due to its 8.84m total length (7.93m active length). It could
only be �t across the hallway of the university clinic, which affected the rest of the setting. The GAITRite was
con�gured to detect a standard pattern, without cane or crutch. It was also set to auto suspend each trial. The
sampling rate was 120Hz.

The AzureKinect DK cameras were positioned around the GAITRite mat in such a way that the operating
ranges of the cameras overlapped slightly, i. e. it was made sure that every movement of the participants would
be recorded by at least one camera. To achieve this, two cameras (AzureKinect0,AzureKinect2) were mounted
at the ends of the mat, looking at the front or back of the participants and set to record with2 � 2 binned
NFOV mode at 30 FPS. The third camera was positioned halfway between the ends, looking at the participants
sideways (see Figure 4.3) and set to record with2 � 2 WFOV mode, also at 30 FPS. The use of three cameras
was necessary to cover the active length of the GAITRite mat completely. Figure 4.1 shows the perspectives of
camera 0 and camera 2 [Ari+20b].

4.2.4 Data Acquisition and Processing of Multi Camera Data

Figure 4.7 shows an overview of the data processing steps that were performed to compute the gait features:
SL, Vel and Cad. The three AzureKinect DK cameras provided 3D point clouds of the respective scenes they
had recorded. Using this information it was possible to perform an extrinsic calibration of the cameras (step
1, Figure 4.7).

Figure 4.7: Overview of the data processing steps.

Because of an unreliable and error prone detection of the ArUCo markers [Gar+16; RMM18; Gar+14]
(probably due to the poor lighting of the setup [Ari+20b] and relatively large distances between cameras and
markers) a Semi-Automatic Extrinsic Calibration System for Multi-RGB-D-Cameras Using Arbitrary Axis-
Aligned Edges was necessary. This had to be done for every patient and every camera, since the setup had to
be unmounted and mounted repeatedly. This was because of the time intensive study tasks, the unpredictability
of recruitment and the use of a space that was open to the public during of�ce hours.
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4.2.4.1 Semi-Automatic Extrinsic Calibration System for Multi-RGB-D-Cameras Us-
ing Arbitrary Axis-Aligned Edges

Let p 2 f 1; : : : ; 26g denote the participant number,k 2 f 0; : : : ; 2g the camera number andi 2 f 0; 1g the per-
axis number. The semiautomatic calibration was done by selecting six points (X 0; X 1; Y0; Y1; Z0; Z1 2 R3)
in the camera's coordinate system (see Figure 4.3) for each participant and camera from a colored point cloud
captured before the start of the walking session.

All point clouds were visualized and then the necessary points were optically identi�ed and manually se-
lected. The selection was performed in such a fashion that the points were located along the world'sX; Y and Z
axes (see Figure 4.8) and that they were as far apart from each other as possible to minimize the effect of noise
in the calibration.

Figure 4.8: Axis Aligned Vectors for Calibration.
This is a semi-automatic extrinsic calibration procedure, aligning the coordinate systems of multiple RGB-D

cameras to a common world reference frame for multi-camera kinematic analysis.
RGB images are displayed for clarity, but the points were selected on the colored point clouds.

Furthermore,Y1 was selected at the lower right corner of the calibration cube closest to the wall. The
dimensions of the calibration cube were known, therefore, the position of the center of the base of the calibration
cube could be calculated. The origin of the world coordinates was placed at the center of the base of the
calibration cube (as can be seen in Figure 4.3).

From these 6 points, three vectors were extracted, which were aligned with theX , Y andZ axes of the world
coordinate system. Let

�!
X (world )

p;k ,
�!
Y (world )

p;k and
�!
Z (world )

p;k denote these vectors for participantp and camerak.

Then let:
\�!

X (world )
p;k ,

\�!
Y (world )

p;k and
\�!

Z (world )
p;k , be their unit vectors. Furthermore let

R(a; b) : (R3; R3) ! R3� 3

be a function that calculates the rotation matrixR 2 R3� 3 between unit vectora 2 R3 and unit vectorb 2 R3.
This function is given by:

R(a; b) = I + V +
�

1
1 + ( a � b)

�
� V 2

whereI is the identity matrix inR3� 3 and V is the skew-symmetric cross product matrix ofk a � bk.

Then the rotation matrixRp;k between the coordinate system of camerak and the world coordinate system
for each participantp can be calculated as follows:

Rp;k = R

0

@R

0

@ \�!
Z (world )

p;k ;

0

@
0
0
1

1

A

1

A �

0

@
0
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0
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\�!

Y (world )
p;k
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Since the three axes are orthogonal, the method was tested by verifying that

Rp;k �

0

@
1
0
0

1

A �
\�!

X (world )
p;k

The translation vector can be calculated from theY1 vector with the necessary adjustment:

Tp;k = Yp;k; 1 + Rp;k �

0
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0

1

A

(since the cube's sides were 13 cm long).

Then the homogeneous transformation matrixHp;k 2 R4� 4 between the the coordinate system of camera
k and the world coordinate system for each participantp can be described as:

Hp;k =
�

Rp;k Tp;k

0 1

�

where0 = (0 ; 0; 0).

This yielded the transformation information necessary to transform the BT-joint coordinate data (acquired
via the AzureKinect BT) of all three cameras into a common world coordinate system (Figure 4.7step 2).

Once the positions of the participants' BT-joints within the world coordinate system were known, the ques-
tion presented itself, which would be the best strategy to compute interesting gait features from this data.

One feature that is both clinically relevant and (in principle) easily computable is the SL, which can be
determined by looking at the maxima in feet distance along the line of progression (step 3a).

As theY-axis of the world coordinate system runs in parallel to the GAITRite mat, the distance in y-direction
of the two foot BT-joints over time was computed for each participant and the maxima were detected.

The data contained some noise that resulted in local maxima that did not signify a step, therefore a minimum
distance between maximaMinDist (measured in number of data points) was set with the aim to avoid faulty
detections.

Also, a minimum prominenceMinProm was set, i.e. peaks were only detected, if they stood out far enough
from the surrounding baseline of the data. The exact values forMinDist andMinProm were determined for
each data set by looking at the �rst two walks and adjusting the parameters until each step was detected. The
function used for peak detection was scipy.signal.�nd_peaks [Vir+20].

As the ranges of the three AzureKinect DK cameras overlapped there was also an overlap in the feet distance
data, i.e. some maxima were recorded more than once. This can be seen in Figure 4.9 for the example of a HP.
The redundantly recorded maxima were fused, i.e. detected maxima between which there was a time delta of
less than 0.15 seconds were handled as a single maximum. The AzureKinect DK cameras tend to detect smaller
steps near the edges of their recording ranges, due to participants often being in mid step, when entering the
camera range. Therefore, the maximum with the higher y-distance value was chosen for computation of SL.

Even after these measures, some false detections due to noise remained, e.g, the third cyan-circled maximum
in Figure 4.9. These were dealt with instep 4.

The timestamps of steps can also be computed by looking at the movement of the pelvis, which follows a
sinusoidal path in the vertical direction during walking [Lew+17] (step 3b). When a walking person stands
on one foot (single support phase), the pelvis shows its highest elevation. When both feet are on the ground
(double support phase), the pelvis is at its lowest point.

According to the data of [Alb+20], the pose detection accuracy obtained from the pelvis is signi�cantly better
than obtained from the feet. The former also shows less noisy time series data. By computing the maxima in
pelvis elevation, the single support phase of each step was detected (Figure 4.10).
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