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Abstract

Hand motion plays a fundamental role in how people interact with their environment,
making hand trajectory prediction and analysis vital across numerous domains, including
Human-Computer Interaction (HCI) and Human-Robot Interaction (HRI). Accurate hand
motion modeling and prediction are particularly beneficial in Virtual Reality (VR) applications,
where they can reduce system latency and enable the development of novel and immersive
experiences. However, despite prior work on various statistical and deep learning approaches,
challenges persist in developing accurate, efficient, and generalizable models for deployment
in real-time applications on devices with limited resources.

This thesis addresses these challenges by introducing novel techniques for analyzing
and predicting hand motion, integrating empirical data and kinematics-based approaches to
enhance existing mathematical models and statistical methods. First, we conducted a user
study with 20 participants involving structured and unstructured VR movements to address
the limitations of existing datasets. Using the collected data, we developed user-specific
predictive models tailored to individual motion patterns, achieving high accuracy in hand
motion prediction. Building on these personalized models, we developed generalized models
that maintain comparable performance levels. These generalized models are designed to adapt
across a broader user base without requiring individual customization, balancing accuracy
and generalizability. Finally, we tested these models on new users, activities, and datasets,
demonstrating their robustness and adaptability.

This thesis advances the fields of HCI and HRI by deepening the understanding of human
hand motion and presenting techniques for accurate and efficient motion prediction. It offers
a scalable approach that balances customization with broader applicability by introducing
user-specific and generalized models. The future of this research lies in expanding it to
encompass the entire human body, with the potential to significantly impact areas such as VR

and collaborative human-robot environments.
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CHAPTER 1

Introduction

1.1 Motivation

Understanding human hand motion is essential across various domains, as the hand serves
as a primary interface for human interaction with the environment. These interactions are
diverse, ranging from simple gestures like reaching to grab an object, to fast and powerful
actions like executing a punch in boxing, and to coordinated hand movements involved in
tasks such as cooking or assembling objects. At a fundamental level, motion analysis seeks
to uncover the underlying patterns of these diverse movements, while motion prediction
focuses on anticipating future actions. Together, these approaches enable a more holistic

understanding of human motion.

This understanding plays a crucial role in areas such as Human-Computer Interaction (HCI) [7,
180] and Human-Robot Interaction (HRI) [54, 19], where precise motion modeling enhances
usability, responsiveness, and safety. In virtual reality (VR) environments, noticeable delays
in visual, auditory, or haptic feedback can disrupt the user experience and break immersion.
Therefore, precise hand motion prediction is essential for creating immersive, interactive
experiences that respond seamlessly to user movements by mitigating system delays through

predictive actions [134].

For example, consider a scenario in a VR environment where a user punches a water-filled
balloon. The complex physical interactions involved, such as the motion of water when the
balloon bursts, present a significant challenge for rendering. This is particularly difficult in

resource-constrained VR headsets, where achieving real-time rendering of such scenarios is

1



2 1 INTRODUCTION

demanding. However, if the trajectory of the collision is predicted in advance, the system can
initiate pre-rendering of the relevant graphics, enabling timely visual feedback to the user.
Similarly, in human-robot collaborative environments, the ability to predict a worker’s hand

trajectory can prevent collisions and optimize cooperative tasks [190].

Due to these clear advantages, various techniques have been proposed for human motion
analysis and prediction, ranging from statistical models [16, 67, 179] to deep learning
approaches [109, 98, 93]. The study of human motion has historically been a multidisciplinary
endeavor, involving fields such as biomechanics, robotics, neuroscience, and computer science.
Traditional models like the Minimum Jerk Model (MIM) [42] have provided foundational
frameworks for predicting smooth reaching trajectories by minimizing the rate of change
of acceleration. These models are valued for their simplicity and computational efficiency,
making them suitable for real-time applications. However, they often fall short of accurately
capturing the complexity of human movements, exhibiting significant discrepancies when

compared to empirical data.

With the advent of deep learning, more advanced models have emerged, offering greater
precision in representing human motion dynamics. These advancements have enabled ap-
plications in rehabilitation systems [34, 95], virtual avatar motion planning [145, 132], and
collaborative human-robot environments [100, 105]. Furthermore, deep learning approaches
have been employed to predict hand motion in virtual reality (VR) [27]. Nonetheless, these
models typically demand substantial computational resources, which may not be feasible
for devices with limited capabilities, such as standalone VR headsets. Additionally, they
often lack interpretability, making it difficult to understand the underlying decision-making

processes or to diagnose potential errors.

Despite these advancements, challenges remain in developing models that are accurate,
interpretable, and efficient for real-time applications. Consider a VR dancing application
where users perform a wide range of motions, from slow and smooth movements, such as
graceful ballet gestures, to sudden and rapid actions, like those seen in salsa dancing. In
such scenarios, the system must track and predict these motions in real time. While deep

learning methods might handle the varied movements with greater accuracy, they could also
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impose significant computational demands that may exceed the capabilities of mobile VR
headsets with limited processing power. Additionally, a classical model may run efficiently
on a standalone VR headset but struggle to handle the diverse range of movements, including

accommodating multiple users.

Our goal is to address the major gaps in current hand motion prediction models that have
limited their broader adoption in VR. These gaps include: (1) the need for the models to
perform consistently, (2) the computational limitations of resource-constrained devices, (3) the
lack of interpretability associated with deep learning methods. Motivated by these challenges,
we aim to develop approaches that bridge the gap between the simplicity and interpretability of

traditional models and the accuracy and generalizability of advanced deep learning methods.

This thesis focuses on creating novel methods for human motion prediction and analysis that
balance accuracy, computational efficiency, generalizability, and interpretability. Specific-
ally, we investigate how to combine empirical observations and theoretical understanding
of kinematics with classical statistical methods to develop robust predictive frameworks.
For instance, we explore the development of kinematics-based regression models and the
use of empirical data to create a user- and activity-independent continuous hand trajectory
prediction model. Additionally, we propose modifications to established kinematics models,
demonstrating how empirical observations can be incorporated as constraints. This focus on
mathematically interpretable approaches and empirical calibrations is a key feature of this
thesis, ensuring that the resulting models remain sufficiently flexible for diverse users and

activities.

Ultimately, this thesis addresses the limitations of existing approaches, advancing human
motion modeling and prediction for VR and related applications. It establishes a foundation
for richer and more responsive interactions in HCI while enabling safer and more intuitive
collaborations in HRI. We believe it addresses the challenges in hand motion prediction,

thereby improving its applicability across a wide range of interactive systems.
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1.2 Research Questions and Contributions

This thesis aims to answer the following research questions based on the identified research

gaps.

RQ1: How can the limitations and challenges of existing hand motion prediction
and analysis approaches inform the development of effective solutions for VR
applications?

RQ2: How can effective prediction frameworks be developed to address challenges
such as accuracy, computational efficiency, and interpretability?

RQ3: How can generalized hand motion models be developed to perform compar-

ably to personalized models?

Overall, this thesis expands the state of the art in hand motion modeling for VR by introducing
methods that improve both accuracy and computational efficiency. Specific contributions

from each chapter are outlined below.

First, we conducted a user study to gather human hand motion data across a range of structured
and unstructured VR activities, addressing the limitations of existing VR datasets. This data
collection utilized multiple sensors, including a motion capture system, VR headset sensors,
and Inertial Measurement Units (IMUs), resulting in a comprehensive dataset that supports
both current and future research. Building on this foundation, we developed a kinematics-
based approach for continuous 3D hand prediction within VR. Additionally, we also developed
a generalized model that performs comparably to personalized models, yet does not require
additional training phases. The model is then thoroughly evaluated through cross-validation
and further validated in a secondary study with new participants and activities. This is
discussed elaborately in Chapter 3, including the user study, development of the prediction

models and results.

Subsequently, we proposed a methodology to extend traditional mathematical models for
generating 3D hand trajectories in reaching movements. Using the empirical data collected in

Chapter 3, we first demonstrate that existing models fall short in accurately capturing realistic
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human hand motion. To address this, we frame trajectory generation as an optimization prob-
lem, constructing user-specific models tailored to individual motion patterns. Additionally,
we develop generalized models, evaluating their performance comprehensively, as discussed

in detail in Chapter 4.

For RQ1, we reviewed and discussed the main techniques used for hand motion prediction
in Chapters 2 and 3, as well as approaches for hand trajectory generation in Chapters 2 and
4. Across these chapters, we highlighted the limitations and challenges of existing methods,
identifying the gaps in current hand motion prediction and trajectory generation techniques.
RQ2 (Develop effective models) and RQ3 (Develop generalized models) are both thoroughly
addressed in Chapters 3 and 4, with each chapter emphasizing distinct aspects of hand motion

prediction.

Chapter 5 revisits the research questions and provides a comprehensive discussion of the thesis
contributions, their implications and potential applications. It further outlines the limitations,

explores directions for future work, and presents the concluding remarks.
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1.3 Thesis Outline

The specific contributions of each chapter are outlined as follows.

Chapter 2 examines prior research efforts in the context of this work. It reviews motion
prediction techniques used in VR, various hand motion prediction methods across different

domains, and publicly available motion datasets in VR.

Chapter 3 presents a novel hybrid classical-regressive kinematics model, which is a user- and
activity-independent prediction model for continuous 3D hand trajectory prediction for VR
activities. It also presents a comprehensive user study aimed at gathering VR hand motion
data from 20 participants. Data was collected over a one-hour period for each user, covering

four different VR activities involving extensive hand movements.

Chapter 4 presents the development of empirically modified minium jerk models for hand
trajectory prediction for reaching activities in VR. It examines the limitations of the classical
Minimum Jerk Model and introduces novel user- and gesture-specific predictive models where

the trajectory prediction problem is formulated as an optimization problem.

Chapter S examines the research findings in relation to the thesis research questions, present-
ing the implications and potential applications of the work, evaluating its contributions
and limitations, proposing future directions for human hand motion prediction in VR, and

concluding remarks.



CHAPTER 2

Literature Review

This section examines prior work on human motion prediction in virtual reality (VR), high-
lighting three key areas. First, we focus on the importance of motion prediction within
VR environments and explore techniques used, emphasizing hand motion prediction. Next,
we explore the kinematics of hand movements, focusing on theories and models for hand
trajectory prediction. Finally, we review the current techniques employed for human motion
prediction, including classical methods and modern approaches such as deep learning models.
This chapter aims to highlight the progress made in the field and identify existing challenges

by critically evaluating these areas.

2.1 Motion Prediction in Virtual Reality

In VR environments, users engage with the environment in various ways depending on
the activity. These activities include hand gestures [143, 29], such as reaching [27, 47],
grasping [151, 149, 150] or throwing [193, 51]. Users may also participate in VR games, such
as puzzles [99] or adventure games [46], or engage in exercises [184, 186], or other custom
games [183, 192]. Additionally, VR can be used to simulate real-world activities like playing
table tennis [173] or skiing [123, 124], offering immersive learning experiences. It is also
applied in specialized fields, such as practicing surgeries in medicine [156] and other training

applications [185, 113], providing a safe and controlled environment for skill development.

High latency in delivering visual, auditory, or haptic feedback for these interactions disrupts
synchronization between user actions and system responses, reducing the immersiveness and

causing potential user discomfort. Motion prediction mitigates this issue by allowing the
7
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system to anticipate user actions and implement measures such as pre-rendering graphics to
reduce delays [72, 138]. By anticipating user movements, VR applications can reduce latency,
improve system responsiveness, and create a more immersive and seamless interaction with

the virtual environment.

In addition to minimizing latency, motion prediction provides several benefits that enhance the
overall VR experience. It can facilitate collaboration, improving interactions between multiple
users in shared virtual spaces. Furthermore, motion prediction can enable timely haptic
feedback, especially in situations where haptic motors have significant activation latency.
In addition, it can improve safety, particularly in augmented or mixed reality applications
where the user operates in potentially unsafe environments where physical objects are present.
Different types of motion prediction address various aspects of user interaction, including
hand, head, and eye movements. While all are significant, this section focuses on hand motion

prediction due to its relevance to this thesis.

2.1.1 Hand Motion Prediction

In VR environments, the hand is the primary method by which users interact with their sur-
roundings. Hand gestures can be fast and complex, resulting in rich and dynamic interactions
with the environment. Prior work has explored various methods to predict hand movements in
VR, aiming to enhance responsiveness and user experience. One common approach involves
template matching techniques, where the system predicts future movements by comparing the
current motion sequence with a library of pre-recorded motion templates. Hahn et al. [64]
employed this method for long-term prediction of hand motions in a working environment,
achieving predictions over several tenths of a second. While this technique can be effective
for repetitive or well-defined tasks, its applicability is limited when dealing with arbitrary or

novel hand motions that are not represented in the template library.

Vu et al. [165] employed a Hidden Markov Model (HMM)-based gesture recognition frame-
work to predict hand gestures using wrist-worn devices, specifically a smartwatch. Their

approach aims to identify gestures before their completion, leveraging features derived from
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HMM state probabilities. The model’s performance was evaluated in the context of a virtual
table tennis game. The findings reveal that motion prediction accuracy depends on user
expertise. Expert users, with consistent strokes, enable higher precision, while non-expert
users’ variability leads to reduced accuracy. Additionally, the framework requires gestures
to be prefix-free, meaning no gesture can be a sub-category of another, which limits its
generalizability to a wider range of applications. Furthermore, the model needs to be retrained

to adapt to different applications, adding to its limitations in broader usability.

Deep learning models have also been utilized to improve hand motion prediction in VR.
Clarence et al. [27] explored the use of hand motion prediction for the novel application of
haptic retargeting in virtual reality (VR). Haptic retargeting enables the decoupling of real
and virtual hand movements, allowing the reuse of physical props. By analyzing the initial
portion of a user’s movement, the model anticipates the target object, allowing the system to
respond more proactively. The authors proposed using a Long Short-Term Memory (LSTM)
model for predicting intended targets, achieving an accuracy of 81.1% at approximately 65%
of the movement. However, the model’s applicability is limited, as it is restricted to specific

setups and reaching movements.

2.1.2 Other Types of Motion Prediction

Other forms of motion prediction also play important roles in VR systems. Head and eye
motion prediction is essential for maintaining visual stability and coherence within the virtual
environment. By forecasting the user’s head and eye movements, the system can adjust the
virtual camera viewpoint accordingly, ensuring that the environment aligns accurately with
the user’s perspective. This reduces the motion-to-photon latency, the delay between the
user’s head movement and the VR device’s display reflecting that movement. It is generally
recommended to keep motion-to-photon latency below 20 ms, as higher latency can lead to

motion sickness [133, 135].

To achieve this low latency, head motion prediction techniques have been extensively explored,

focusing on anticipating user head movements to enable real-time adjustments to the virtual
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environment [12, 60, 59, 141]. Similarly, eye motion prediction methods have been developed
to forecast gaze direction, ensuring accurate alignment of the visual display with the user’s
perspective [8, 56, 114]. In addition, commercial VR headsets are equipped with built-
in prediction mechanisms to address the above latency. For instance, the Oculus Rift-S

incorporates head pose prediction to estimate the user’s head position for the next frame [139].

Henrikson et al. [67] developed a technique that combines hand and head motion data to pre-
dict the landing position of a ray pointer in VR environments. By considering the correlation
between where a user looks and where they point, the system improves prediction accuracy.
However, this approach still relies on template matching and requires a comprehensive library
of motion templates. The necessity of such a library poses challenges for predicting arbitrary

hand movements, as it is impractical to catalog all possible motion variations.

2.1.3 Limitations and Challenges

The existing methods for hand motion prediction in VR exhibit several limitations that
hinder their effectiveness in diverse applications. Techniques based on template matching are
constrained by the requirement of extensive motion libraries, which may not encompass the
full range of possible hand movements. This reliance restricts the system’s ability to predict

novel or uncommon gestures, reducing its flexibility in dynamic VR environments.

Deep learning approaches, while powerful in modeling complex patterns, are highly computa-
tionally expensive, making them difficult to implement on resource-constrained devices such
as standalone VR headsets. Their significant computational and power requirements pose

challenges for deployment in such devices, where efficiency is a critical factor.

The current landscape of hand motion prediction in VR demonstrates a range of techniques,
each with its strengths and weaknesses. While progress has been made in improving system
responsiveness and user experience, significant challenges remain. There is a need for
prediction techniques that not only achieve high accuracy but also operate efficiently on
resource-constrained devices, ensuring seamless integration into standalone VR headsets.

These techniques must be capable of adapting to dynamic VR environments, and should cater
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to the diverse behaviors and movement patterns exhibited by different users. Addressing these
requirements is essential to enhance the scalability, usability, and immersive quality of VR

systems across various applications.

2.2 Kinematics of Hand Movements

Understanding the kinematics of hand motion is important for analysing and predicting hand
movements. Mathematical models based on control theory and polynomial trajectories have
been extensively used for decades due to their simplicity and efficiency. These models aim
to accurately represent the human hand’s motion, facilitating more natural and responsive

interactions within virtual environments.

2.2.1 Classical Kinematic Models of Hand Movement

Fitts’ Law [41], proposed in 1954, is one of the earliest models in the field of human movement
prediction. It states that the time required to move to a target (") is proportional to its distance
(D) and inversely proportional to its width (17), which can be expressed as T" < (2D /W)
Fitts’ Law has been foundational in understanding the speed-accuracy trade-off in human
motor control. Although initially developed for one-dimensional pointing tasks, it was later
extended to various conditions, including 2D [102] and 3D movements [116]. It was also

extended to different environments such as VR [35, 30, 71].

Meyer et al. [111] expanded on Fitts’ Law by introducing the stochastic optimized-submovement
model, which explains the law through the dynamics of rapid, spatially constrained move-
ments. Their work highlighted that hand movements consist of an initial rapid phase, covering
most of the distance, followed by slower corrective sub-movements to ensure accuracy.
Through experiments, they validated this decomposition, offering deeper insights into the

mechanics of human motion and the interplay between speed and precision.

Another significant contribution to the field is the Two-Thirds Power Law which was proposed

by Lacquaniti et al. This law states that the velocity of hand movement (v) is proportional
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to the radius of the curvature of the path (R) raised to the one-third power which can be
expressed as v oc R'/3. This means that humans tend to slow down when moving along
curved paths and speed up along straighter trajectories. They also demonstrate through
experiments that this relationship is valid for a variety of trajectories, including learned and
extemporaneous movements, and in the presence of external constraints. While Fitts’ Law
and the Two-Thirds Power Law offer valuable insights into movement patterns, they are
limited in applicability in dynamic and complex environments such as VR due to challenges

in generalizability.

2.2.2 Models for Point-to-Point Movements

Another area of research in hand motion is in point-to-point movements, where the hand
moves from a stationary initial position to a specific target location. These movements are
common in daily activities such as reaching, pointing and grasping. One common approach
to modeling point-to-point movements is based on the idea that the human motor system
optimizes certain criteria to produce smooth and efficient motions. This perspective suggests
that the coordination of muscles and joints is not arbitrary but instead governed by principles
aimed at minimizing certain costs, such as energy expenditure, time, or abrupt changes in
motion. By focusing on these criteria, various mathematical models have been proposed to

model how humans execute hand movements.

The Minimum Jerk Model (MJM) proposed by Flash and Hogan [42], suggests that that human
movements are planned to minimize the jerk, which is the rate of change of acceleration.

Mathematically, this involves finding the movement trajectory where jerk is minimized and

Pz
dt3

this can be expressed as minimizing ft';f ( )2 dt over the complete trajectory. Their experi-
ments showed that minimum jerk trajectories closely follow experimental observations with
approximately straight trajectories with bell-shaped velocity profiles. This model has been
widely adopted in various human-computer interaction (HCI) and human-robot interaction
(HRI) tasks, particularly for predicting trajectories in constrained movements like point-to-
point tasks. For instance, Bratt et al. [16] utilized the MJM to predict the intended target

location in virtual reality ball-catching tasks after the participant had completed the first half
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of the movement. By applying the MIM, they could anticipate the remaining trajectory of the

hand, enhancing the system’s responsiveness and the user’s interaction experience.

Uno et al. [163] proposed the Minimum Torque-Change Model, which suggests that human
movements are planned to minimize the squared rate of change of torque throughout the
trajectory. Unlike the Minimum Jerk Model, this approach accounts for parameters such as
arm length, payload, and torque, rather than relying only on the initial and final positions
of the hand. Uno et al. demonstrated the applicability of this model by comparing it
with experimental trajectories of two-joint arm movements. However, this model is more
computationally intensive, and requires additional data such as torques, which are not readily

available, making it not widely adopted as MJM.

Minimum-Variance Theory, which was proposed by Harris et al. [65] is a common theory
for both eye and hand movements, which makes the assumption that neural controls are
affected by noise whose variance is proportional to the size of the control signal. This model
states that trajectory is planned to minimize the variance of the final eye or the arm position.
Moreover, the authors show that minimum variance theory is capable of explaining both the
speed-accuracy trade-off in Fitt’s law and the two-thirds-power-law. However, due to the
dependence on noise parameters, which may vary between individuals and the complexity,

this model is also not widely adopted as MJM.

Recent studies have investigated the optimal-control framework from a broader perspect-
ive [157, 159, 158]. The key idea is that earlier models such as MJM disregarded sensory
feedback for trajectory generation. This framework attempts to incorporate these framework

linking high-level goals with real-time sensorimotor strategies for achieving them.

These theories suggest that humans rely on optimization criteria to determine hand trajector-
ies. This implies that identifying the specific optimization criterion should enable accurate

prediction of motion trajectories.
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2.2.3 Modifications to the Minimum Jerk Model

Despite the widespread adoption of the MJM, subsequent research has identified limitations
in its ability to accurately represent real human reaching movements. Gong et al. [54]
demonstrated that the traditional MJM does not always align closely with observed human
motion trajectories. One key observation was that individual motion patterns vary significantly,
suggesting that a single, universal model may not capture the nuances of every person’s
movements. To address these shortcomings, they introduced the Modified Minimum Jerk
Model (MMIJM). This model incorporates an error modification term based on a second-order
Fourier series to better fit actual human movement data. While the MMJIM improved accuracy
for specific motions, the variability of the error modification term across different movements

made it challenging to generalize the model to all types of reaching actions.

Another approach to refining the MJIM was proposed by Todorov et al. [160], who developed
a constrained version of the model by integrating principles from the Two-Thirds Power
Law. By setting the jerk along the normal (perpendicular) direction to the movement path
to zero, they generated velocity profiles that more closely resembled those predicted by the
Two-Thirds Power Law. This modification was particularly effective for modeling complex
arm movements along curved paths, providing a better representation of natural human motion

in such scenarios.

Further studies have explored the limitations of the MJM in dynamic tasks. Svinin et al. [154]
found that relaxing the acceleration constraints within the MJM led to a better fit with
experimental data during dynamic activities. By allowing more flexibility in acceleration,
the model could more accurately reflect the variations observed in actual human movements,

particularly in tasks that involve rapid changes in motion.

Wiegner et al. [172] evaluated the applicability of the MIM for single-joint, goal-directed
fast movements. Their findings indicated that the Minimum Snap Model (MSM), which
minimizes the snap (the fourth derivative of position with respect to time), provided a better

fit to experimental data than the MJM. The MSM accounts for muscle and limb dynamics
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more effectively, especially in modeling fast movements where higher-order derivatives play

a significant role.

In addition to these modifications, researchers have explored techniques that utilize early
motion data to predict movement outcomes. Ohmura et al. [122] demonstrated that in pointing
tasks, the final position of the trajectory could be predicted by detecting the first acceleration
peak, typically occurring within the first 21% of the entire gesture. This suggests that early
phases of movement contain valuable information for trajectory prediction, offering potential

for more efficient and timely predictions.

Lank et al. [86] proposed an endpoint prediction technique for ballistic point-to-point move-
ments based on the MJM. They derived an equation for instantaneous speed over distance and
employed polynomial fitting to extrapolate the future endpoint of the movement. To enhance
the accuracy of their predictions, they introduced a pre-calculated correction coefficient that
was adjusted based on the percentage of the gesture completed. While effective in certain
contexts, this method was primarily applicable to specific tasks, such as two-dimensional

pointing movements.

These studies highlight the ongoing efforts to refine classical kinematic models to better
capture the complexities of human hand motion. While foundational models like the MIM
have significantly advanced our understanding, their limitations in accurately predicting
diverse and dynamic human movements have prompted the development of modified models
and new approaches. Incorporating individual variability, relaxing model constraints, and
integrating additional principles from human motor control research have all contributed to

creating more precise and generalizable models for hand motion prediction.

2.3 Current Techniques for Hand Motion Predictions

Human motion prediction is a widely studied area due to its applications in various domains,
such as computer vision, human-computer interaction, human-robot interaction, and computer

graphics. The state of the art goes beyond hand motion prediction, and trying to predict
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entire human body poses, trajectories and different actions. The main challenge of human
motion prediction is the non-linearity, time-varying characteristics and context dependence
of human movements. Due to these complexities, researchers have developed a number of
techniques to predict human motion, ranging from statistical methods to very complex deep
learning models. This section gives a brief overview of these approaches, highlighting their

core principles in human motion prediction.

2.3.1 Statistical Methods

Statistical methods form a foundational approach in human motion prediction, using paramet-
ric or probabilistic models that incorporate assumptions about movement dynamics. These
methods are often grounded in theoretical principles and observations from experimental data.
While they have limitations in handling the complexities of non-linear, full-body motion, they

have proven effective in specific scenarios, such as predicting hand, head, or eye movements.

2.3.1.1 Kinematics Models

Kinematics models like the Minimum Jerk Model (MJM), characterize human movement as a
smooth, natural trajectory resulting from a certain optimization principle. MJM is mainly used
for human arm prediction and has been utilized in a number of HCI [16, 44, 7] and HRI [190,
120, 146] applications. Please refer to Section 2.2.2 for discussion on similar kinematics
models. These kinematic models, grounded in biomechanics and human motor control theory,
provide valuable insights into how humans plan and execute movements. While they are
generally simple and computationally efficient, they are less suitable for capturing highly

complex motion patterns.

2.3.1.2 Template Matching Techniques

Template matching techniques predict future movements by comparing observed sequences
to a library of representative motion sequences. They identify the closest match from the

library and extrapolate forward to make the prediction. Template matching performs well in
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controlled environments with curated databases, such as for gait patterns, leveraging their
simplicity and accuracy when motions align with known templates. Template matching
techniques are used for predicting trajectory endpoint [67, 53] and gesture recognition [108,
178]. However, reliance on template libraries limits the effectiveness of template matching
techniques, especially in scenarios with novel or varied movements, reducing their general

applicability.

2.3.1.3 Hidden Markov Models

Hidden Markov Models (HMMs), characterize human motion by representing movements
as sequences of hidden states that generate observed states over time. In these models, the
hidden states correspond to unobservable movement stages, while the observed states are
represented in measurable motion data. During training, existing datasets are used to calculate
the transition and emission probabilities that define state dynamics. Motion is then predicted
by inferring the most likely sequence of future states based on past observations. HMMs
are commonly used in activity recognition tasks in different contexts, such as interactive
applications [165, 77], sign language detection [82, 189], fall detection [179, 162, 187], and
others [142].

2.3.1.4 Probabilistic Filtering Methods

Probabilistic filtering methods, such as the Kalman filter, treat human motion as a dynamical
system defined by a motion model and noisy measurements. The filter has two steps, the
predictive step which estimates the next state based on the motion model, and an update
step, which corrects the estimate based on the measurements. By iteratively performing
these two steps, this technique is widely used for both smoothing noisy trajectory data and
short-term prediction. Probabilistic filtering methods, most notably the Kalman filter, are
widely used for smoothing noisy trajectory data and short-term prediction. Its non-linear
variants, such as the Extended and Unscented Kalman Filters, relax the Kalman filter’s
linearity and Gaussian assumptions by approximating the state distribution more flexibly,

thus providing better accuracy for complex, non-linear movement patterns. Due to their
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computational efficiency and robustness, Kalman filters are widely used in human motion
prediction, including head [80, 61], eye [14, 81] and hand [153, 127] motion. However, the
use of these models is also limited due to their simplified assumptions about the motion

model.

2.3.1.5 Regression-based approaches

Regression-based approaches predict human motion by learning a direct mapping from input
features, such as past motion data, to the future trajectory. These models rely heavily on
training datasets and commonly use techniques like polynomial regression [86], support vector
regression [92], or more advanced methods such as Gaussian-based [176, 94] or tensor-based
regression models [57] for predicting human motion. Once trained, these models can be
directly applied to predict future motion, making them straightforward and computationally
efficient for continuous trajectory prediction. However, similar to other models described in
this section, regression-based models lack generalizability and are heavily dependent on the

dataset used for training.

2.3.2 Deep Neural Networks

Deep Neural Networks (DNNs) have emerged as one of the most powerful tools in computer
science in the past decade. They are used in various tasks, including human motion prediction,
where they can learn the complex relationships in motion data, enabling them to provide
accurate predictions. While these methods often achieve higher accuracy and outperform
statistical approaches, they require large datasets for training. Additionally, their high compu-
tational cost makes it challenging to deploy them on resource-constrained devices, such as

VR headsets.

Recurrent Neural Networks (RNNs) [109, 32, 107], including variants like Long Short-Term
Memory (LSTM) [52, 20] and Gated Recurrent Units (GRUs) [55, 63], have been widely
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used to model the sequential nature of human movements. By processing motion data frame-
by-frame and maintaining internal states that encode temporal context, these models excel at

predicting time series data such as human motion.

Convolutional Neural Networks (CNNs) [98, 32] and Graph Neural Networks (GNNs) [93,
91] approach human motion prediction from a spatial perspective. CNNs, adapted from
image analysis, treat spatiotemporal motion data as structured grids, allowing them to capture
both local and global movement patterns. GNNs represent the human body as a graph of
interconnected joints, making it possible to model complex inter-joint dependencies that
influence human motion and gestures. Both CNNs and GNNs have demonstrated strong

performance in applications like multi-joint motion forecasting.

Recently, transformer-based architectures have gained attention for their ability to predict
motion data [110, 2]. Unlike RNN-based methods, transformers operate on entire motion
sequences, leveraging a global perspective to effectively learn the spatial and temporal

relationships inherent in human movements.

Autoencoders are a generative technique widely used as an unsupervised learning method for
motion prediction. They can learn efficient representations of motion data with dimensionality
reduction and have demonstrated effectiveness in handling high-dimensional motion data [5,
18]. Generative Adversarial Networks (GANSs) are another generative technique used in
motion prediction, employing a probabilistic approach [15, 83]. GANSs consist of a generator,
which produces future motion data, and a discriminator, which evaluates the likelihood of the

generated outcomes.

Transformer-based architectures have recently gained prominence for their ability to handle
long-range dependencies in motion data. Unlike RNNs or LSTMs, which process data
sequentially, Transformers operate on entire sequences simultaneously using self-attention
mechanisms. This global perspective enables them to model intricate temporal relationships

effectively, making them well-suited for capturing subtle variations in human motion.



20 2 LITERATURE REVIEW

—p Kinematic Models

L p Template Matching

N Statistical HMM
Methods >
L Probabilistic Filtering

g L p Regression
Z —_p LST™
c
& —_» RNN
= L p GRU
5 I CNN
B
= Deep Neural GNN
g Networks
DS' L Autoencoders
15
= ——p GAN
E L » Transformers

b —_» PINN

N ybri
Strategies
L p Other

FIGURE 2.1: Overview of the hand motion prediction techniques.

2.3.3 Hybrid strategies

Recently, hybrid approaches that combine DNNs with statistical methods or theoretical
frameworks have been proposed for human motion prediction. These models aim to combine
purely data-driven DNNs with known theoretical knowledge to combine the advantages
of both methods. One prominent example of this hybrid approach is Physics-Informed
Neural Networks (PINNs). PINNs [188, 181, 155] incorporate the fundamental principles
of mechanics and biomechanics into deep learning models. Instead of relying solely on data
patterns, PINNs encode physical laws into the neural network enabling them to produce more

realistic and consistent motion predictions.

Other hybrid strategies include combining DNNs with Kalman filter [76], probabilistic

models [177]. and human motor control principles such as minimum jerk model [85].
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An overview of the hand motion predictions is shown in Figure 2.1

2.4 Motion Datasets in Virtual Reality

High-quality human motion datasets are essential for motion prediction, enabling research-
ers to analyze and model human movement effectively through analytical and predictive
frameworks. These datasets are typically collected using motion capture systems such as
OptiTrack [115] and Vicon [10]. Note that this section does not focus on video-only datasets,
as they fall outside the scope of this thesis. Notable existing full-body human motion datasets
include Human3.6M [75], which includes data from 11 subjects with 15 everyday motions
such as walking and posing. The CMU Graphics Lab Motion Capture Database [40] is another
well-known database that includes wider range of activities including walking, dancing and
sport activities for over 140 subjects. Other large motion datasets include AMASS [104], Hu-
manEva [152], KIT [106] and others [147]. These datasets have made significant contributions

in developing human motion analysis and prediction techniques.

While numerous generic motion datasets are available, those specifically collected in VR
environments, particularly involving full-body or upper-body movements, remain uncommon.
Existing VR motion datasets often have a limited scope, focusing on specific activities such as
hand-reaching tasks [28, 89], 360 degree video head movements [31], hand gestures [126], and
specific activities such as martial arts [24]. Additionally, datasets centered on motion sickness
during gameplay [171] and eye-tracking data [79, 49] are available. However, comprehensive
datasets encompassing a wide range of VR activities with full-body or upper-body movements

are still lacking.

Clarence et al. [27] collected data from 12 participants, capturing hand and head movements
using a VR headset for reaching tasks involving two target configurations in a virtual envir-
onment. Participants were seated, and the study utilized a desktop setup. Lento et al. [89]
conducted a user study with 20 participants, recording head, gaze, and arm movements along
with trunk, shoulder, and arm joint data during reaching activities in a VR environment.

However, both datasets are limited to reaching movements, and comprehensive datasets
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encompassing a wider range of VR activities with full-body or upper-body movements remain

unavailable.

For motion analysis in VR, it is beneficial to include explicit VR activities covering a wide
range of movements, from structured actions like point-to-point movements to unstructured,
free-form activities such as VR gaming. Unlike traditional motion capture scenarios, VR
environments introduce additional complexities, including head-mounted displays, handheld
controllers, and dynamic virtual interactions, all of which uniquely influence user motion.
Consequently, VR motion datasets must not only capture full-body motion data but also in-
clude sensor data recorded through the VR headset to fully represent the interaction dynamics.

To the best of our knowledge, no such dataset exists at the time of this writing.

2.5 Summary

This chapter provided an overview of prior research related to hand motion prediction in
VR. We observed that hand motion prediction offers several benefits to VR systems. While
it is primarily used for latency reduction, it also enables novel applications such as haptic

retargeting.

As we discussed, hand motion prediction in the VR context is often studied for a limited set of
hand movements, with a particular focus on point-to-point actions such as reaching gestures
or specific activities. The existing kinematics-based hand motion models and statistical
methods offer simple and computationally efficient approaches for hand motion prediction.
However, they are unable to handle the wide range of motions involved in VR activities and
tend to exhibit lower accuracy when tested with empirical data. Additionally, the widespread
adoption of deep learning prediction frameworks in other domains is less apparent in VR.
This limitation is largely due to the resource-constrained nature of VR headsets, which are

restricted by computational power and energy efficiency.

To develop and evaluate better prediction models, comprehensive VR hand motion datasets

that capture a wide range of hand movements are essential. However, there is a noticeable
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lack of such datasets. These datasets should include not only point-to-point motions but also

activities involving greater freedom of hand movement, such as those observed in VR games.

In summary, we identify two key requirements for hand motion prediction models in VR. The
first is accuracy, which is essential for effective predictions, and the second is computational
efficiency, ensuring compatibility with resource-constrained hardware. Additionally, we
recognize two further requirements, generalizability and interpretability, which are important
for broader applicability and clearer understanding. Figure 2.2 illustrates the scope and focus
of the thesis, in relation to prior research, as conceptualized by the authors in relation to the
requirements identified. The predictive models presented in this thesis can be categorized
as hybrid approaches that combine statistical methods with empirical data and kinematics
techniques. These models retain the computational efficiency and interpretability of traditional

methods while achieving improved accuracy and generalizability.
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FIGURE 2.2: Focus of the thesis in relation to prior research, as conceptualized
by the authors.

To develop predictive models that fulfill these requirements, we design and create two distinct
predictive frameworks for hand motion prediction in VR, presented in Chapters 3 and 4.

Both frameworks integrate classical statistical methods with kinematics-based techniques



24 2 LITERATURE REVIEW

and empirical observations. In Chapter 3, we develop a user- and activity-independent 3D
hand prediction model capable of continuously predicting a user’s hand trajectory. Chapter
4 focuses on developing empirically modified Minimum Jerk Models designed to generate
trajectories for reaching movements. Both predictive frameworks are expressed as simple
mathematical equations, making them highly computationally efficient. In these chapters, we
analyze and interpret these equations, providing insights into how their coefficients influence
predictions. Additionally, we thoroughly evaluate the models to demonstrate their accuracy
and validate them with new users, activities, and datasets, showcasing their generalizability.
Chapter 3 also presents a user study involving 20 participants, where motion data was collected
for various VR activities using multiple sensor systems, which was conducted to address the

lack of comprehensive hand motion datasets in VR.



CHAPTER 3

So Predictable! Continuous 3-D Hand Trajectory Prediction in Virtual

Reality

This chapter presents the paper titled "So predictable! Continuous 3D Hand Trajectory
Prediction in Virtual Reality", which was published in The 34th Annual ACM Symposium on
User Interface Software and Technology (UIST), pp. 332-343. 2021. The paper is included
in this thesis without any modifications, in accordance with the University of Sydney thesis

submission policy.
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We contribute a novel user- and activity-independent kinematics-based regressive model for
continuously predicting ballistic hand movements in virtual reality (VR). Compared to prior
work on end-point prediction, continuous hand trajectory prediction in VR enables an early
estimation of future events such as collisions between the user’s hand and virtual objects such
as UI widgets. We developed and validated our prediction model through a user study with 20
participants. The study collected hand motion data with a 3D pointing task and a gaming task
with three popular VR games. Results show that our model can achieve a low Root Mean
Square Error (RMSE) of 0.80 cm, 0.85 cm and 3.15 cm from future hand positions ahead of
100 ms, 200 ms and 300 ms respectively across all the users and activities. In pointing tasks,
our predictive model achieves an average angular error of 4.0° and 1.5° from the true landing
position when 50% and 70% of the way through the movement. A follow-up study showed

that the model can be applied to new users and new activities without further training.

3.1 Introduction

Accurate and timely user interaction tracking is essential in virtual reality (VR) to deliver an
immersive experience with high-quality graphics and physics simulations. Despite recent
hardware improvements, sensing and computations are still very time and energy consuming,
particular for standalone VR headsets [38, 191]. Moreover, a significant delay in feedback
such as visual, auditory or haptic would lead the user to notice the asynchrony and break the

immersion of the virtual environment [134].

Anticipating future interactions can compensate for these issues. Predicting user activities has
been shown to reduce delays and improve the experience in interactive applications [21, 119,
118]. In VR, predictive models using eye gaze tracking [8] and head motion prediction [74, 3]
can enable pre-rendering of complex graphics scenarios to reduce latency [138]. Commercial
VR headsets such as the Oculus Rift-S employ head motion prediction to estimate the head

position for the next frame'. The most frequently used input method in VR being arm and

1https ://developer.oculus.com/documentation/native/pc/dg-render/ (Ac-
cessed on 2021-03-26).
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FIGURE 3.1: We present a hybrid classical-regressive kinematics model to
predict hand motion trajectories in virtual reality. a) Future trajectory can be
used to forecast events such as hand collision with other users or non-player
characters, enabling pre-rendering of graphics or haptic feedback.

hand movements, recent works by Henrikson et al. [67] and Clarence et al. [27] develop

predictive models for pointing and reaching tasks using hands.

Existing models often predict a particular event such as landing on a target [67, 28, 8] or
the collective movement [165]. However, in immersive applications, not only the end of the
movement, predicting a continuous movement trajectory is important to identify intermediate
events. For instance, Figure 3.1a shows a user playing boxing with a virtual character where
the location and time of collision between the user’s glove and the virtual character is not an
endpoint, but a location along the trajectory of the movement. By anticipating the trajectory,
such events can be predicted to pre-render rich graphics, calculate complex physics, support

real-time multi-modal feedback such as haptics and sounds, and even recover short term
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FIGURE 3.1: We present a hybrid classical-regressive kinematics model to
predict hand motion trajectories in virtual reality. b,c) Comparison of the
predicted (red) and the real (blue) trajectories for different prediction intervals
(PI) for BeatSaber and FitXR-Box games, showing average error; d) Prediction
model can reconstruct the trajectory when tracking fails; e) Example cases of
high errors with sudden changes to movement directions (PI = 300 ms).



3.1 INTRODUCTION 29

tracking errors (Figure 3.1d). Despite the advantages, to the best of our knowledge, little work

has applied continuous hand movement trajectory prediction in VR.

This paper contributes a novel hybrid classical-regressive kinematics model for continuous
3D hand trajectory prediction for ballistic movements in virtual reality. Our approach uses a
coefficient interpolation method between multiple regressions to estimate a unified kinematic
model independent of prediction times. We developed and validated this model using data
from a user study with 20 participants. Our study collected hand motion data through a
structured 3D pointing task and an unstructured gaming task in which the participants played
three popular VR games. Both tasks included aimed hand movements, mainly consist of

voluntary ballistic movements.

Our findings shows that, a user- and activity-independent model performs comparable to
personalized and specialized models, and does not require additional training phases. We
show that our model can achieve a low average Root Mean Square Error (RMSE) of 0.80 cm
(SD=0.12cm), 0.85cm (SD=0.14 cm) and 3.15 cm (S D= 0.38 cm) from future hand posi-
tions ahead of 100 ms, 200 ms and 300 ms respectively across all the users and activities. In
pointing tasks, our predictive model achieves an average angular accuracy of prediction 4.0°
(SD =1.6°) at 50% of the way and 1.5° (SD =0.6°) at 70% of the way of the movement.
Figure 3.1b and ¢ show a reconstruction of example 3D continuous hand movements for
different activities predicted by our model (red) at different prediction intervals (PI) compared

to the real movements (blue).

One major challenge of using prediction for continuous hand movements is that prediction
models can produce significant errors on some occasions, €.g., during abrupt movements [87].
Error distribution of our model show that such unexpected large errors are minimal in our
model with 90% of the errors that occurred are less than 0.6 cm, 0.8 cm and 3.4 cm for 100 ms,

200 ms and 300 ms across all users and activities.

In summary, this paper makes three main contributions:

(1) A kinematics-based prediction approach for structured and unstructured ballistic 3D

hand movements in VR activities.
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(2) A user- and activity-independent model with similar performance to personalized
and specialized models without the need of additional training phases.
(3) Evaluation of the model through a cross-validation and a secondary study with new

participants and new activities.

3.2 Related Work

This section presents prior work on human motion prediction, its applications in VR and the

kinematics of hand motion.

3.2.1 Human Motion Prediction Techniques

The primary goal of human motion prediction is to predict future positions, poses or tra-
jectories of the human body given past motion data. This is a challenging task due to the
non-linear dynamics and time-varying behaviour of the movements. Prior work explored
various statistical methods [64, 165, 86] and deep-learning methods [109, 90, 68] to tackle

the challenges of human motion prediction.

Template matching techniques, where the movement is compared to a library of known
template movements [64, 67] is used in human motion prediction. As template matching
techniques require building a motion template library first, it cannot be applied for predicting
arbitrary movements, which is a major limitation. Hidden Markov Models (HMM) are
also leveraged for human motion prediction [165, 169, 96] in the literature. However,
similar to template matching techniques, HMMs also require to be trained onset of seed
sequences, limiting its usability for predicting arbitrary movements. Regression models
allow capturing the important relationships between the predicted values and the predictor
variables, which is a major advantage when compared to other prediction methods. In contrast
to classification models, regression outputs a continuous value making it better suited for
trajectory prediction without requiring a template library or seed sequences. Prior work
explores on various regression methods including end point prediction with polynomial

regression [86], Electromyography (EMG) based motion prediction [25].
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One class of commonly used deep-learning methods for motion prediction are Recurrent
Neural Networks (RNN) due to their capability in modelling sequence-to-sequence learning
problems [109, 4, 59, 129, 130, 167]. Other classes of deep learning techniques include
Convolutional Neural Networks (CNN) [90], graph neural networks [107] and Generative
Adversarial Networks (GAN) [68]. However, deep learning methods require large training data
sets [74] and have a higher computational overhead, which is not well suited for standalone

VR systems with limited computation power.

3.2.2 Motion Prediction for VR

Motion prediction is a key latency reduction technique used in VR, which allows pre-rendering
graphics [138, 88]. However, predictive models also enable novel applications such as
foveated rendering [8] and haptic retargeting [28]. Commercial VR headsets such as the
Oculus Rift-S predict the head pose for the next frame . Predicting the head motion is
beneficial for the VR system as it allows the estimation future focus points of the eyes to
pre-render future frames. Head motion prediction for VR is further explored in [12, 60, 61,
141]. Saccadic landing point prediction, which estimates the landing position of the fast eye

movements [8, 56, 114] is another technique used for pre-rendering.

Hand motion prediction is important for VR as the hand is the primary method of user
interaction with the VR environment. Hahn et al. [64] used template matching for long-term
prediction (some tenth of a second) of hand motions in a working environment. Clarence et
al. [27] proposed a deep learning model to predict the intended target for reaching activities in
VR. Henrikson et al. [67] proposed a template matching technique to predict the ray landing
position in a VR environment by integrating the head motion into the predictive model.
However, due to the requirement of having a template library, this technique is limited when
applying for arbitrary hand motions. Vu et al. [165] specifically focused on predicting hand

gestures for VR applications and evaluate their performance in a table tennis game. However,

2https ://developer.oculus.com/documentation/native/pc/dg-render/ (Ac-
cessed on 2021-03-26).
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they indicate that prediction heavily relies on the expertise of the user to perform the table

tennis strokes accurately and show that accuracy drops with non-expert users.

Our method is related to the kinematics-based regression model for endpoint prediction for
stylus targeting tasks by Lank et al. [86]. Assuming the start and end velocities to be zero
for the pointing tasks, the authors develop a model of speed over the distance that permits
extrapolation. However, their technique is limited to pointing tasks in 2D space. In contrast,
we utilize a kinematics-based regressive model for continuous motion prediction for arbitrary

hand movements in 3D space.

3.2.3 Kinematics of Hand Movements

Understanding the kinematics of hand movements is an important aspect of hand motion pre-
diction. Prior work explored dynamic end-effector models for hand movements. Plamondon’s
Kinematics Theory and Vector Integration to Endpoint [17] have been proposed to explain
the dynamics of hand motion. The Minimum Jerk Model, which was proposed by Hogan
et al. [69], develops a mathematical model to describe voluntary movements of primates.
It was later validated for human arm movements [43]. It states that our nervous system
tries to make the smoothest movement possible when performing voluntary movements by
reducing accelerative transients. Dynamic models have been proposed for specific activities
such as mouse pointing [9]. Recently, Bachynskyi et al. [13] proposed a dynamic hand
model integrating third-order lag model for modelling mid-air movements for pointing tasks.
Compared to both models [9, 13], we focus on modelling hand motion for arbitrary activities,

including structured movements such as pointing and unstructured movements in VR games.

3.3 Design Goals

This section outlines important requirements for the implementation of our prediction model.
It also discusses the novelty of our system and its advantages for VR applications. The

following five goals guide our design and implementation:
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3.3.1 Continuous Prediction

Our first goal is to create a model for continuous predictions that is able to estimate the
user’s hand position at arbitrary time points in the future. In contrast to discreet models,
continuous models can be used to predict continuous trajectories of the user’s movement.
This is important to predict events such as a collision between the user’s hand and a virtual

object or character as shown in Figure 3.1a.

3.3.2 Structured and Unstructured Motion

Most prior work on hand movement prediction studies movements with a limited and con-
trolled set of user actions, e.g., pointing [67]. However, it remains unclear how such models
transfer to movements in more generic VR applications such as VR games where user move-
ments are unstructured and less restrictive. Our goal is to create a single model which is

applicable for both structured and unstructured tasks in VR.

3.3.3 User-independent

While the personalization of prediction models can help to improve their accuracy, personal-
ization requires a training phase for each new user before the prediction can be used. This
is problematic for settings with many users who might want to use the system for a short
time, e.g., museum exhibitions and public displays. Our goal is to create a user-independent
model that works for all users. We compare our user-independent model with a personalized
kinematics-based model and show it provides a similar prediction performance, without

requiring new training data for each user.

3.3.4 Activity-independent

VR applications are used for a wide variety of activities in many domains, including entertain-
ment [170], industry [50, 164], health care [182, 144], sketching [39], and education [45, 26].

The user interactions and activities in different applications can be drastically different. For
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FIGURE 3.2: User study setup: a) side and b) back view of a participant with
trackers attached. c) Tracker positions and labels. VR tasks in the user study:
d) Custom VR application used in Task 1. VR games of Task 2: e) ©Beat
Saber, f) OFitXR and g) ©FEleven.
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example, they can be fast or slow, small or large, and precise or vague. A model specialized
in a single activity would require new training sets for each application. Hence, application
developers would need to acquire training data and validate it before they could use the model.
We believe a prediction model should be generalizable to different activities to allow for
simple integration into different fields. In this paper, we develop such an activity-independent
model and show that it performs equally well compared to specialized kinematics-based

models.

3.3.5 Explainable Prediction

Our final goal states that our prediction model should be explainable to researchers and
practitioners. This means that the used methods for the prediction should be transparent and
relate to movement parameters. This goal contrasts with typical deep learning techniques such
as Long-Short Term Memory (LSTM) neural networks. Although explainable deep learning
1s under active research [175], most current deep learning methods lead to black-box models.
Instead, we contribute a kinematics-based regression model. Such regression models have the
advantage that their inner working is fully transparent and all parameters map to movement

parameters, such as velocity, acceleration and jerk.

To achieve these design goals, we contribute a novel kinematics-based regression model
for predicting arm movements. The model is trained and validated with structured and

unstructured hand movement data, which we collected in a user study.

3.4 User Study

We conducted a controlled experiment in a lab environment using a series of VR applications
to validate our strategy for continuous hand movement prediction. To show our model would
hold for a wide range of hand movements, we gathered hand motion data on applications that
focused on structured hand movements (reaching and pointing task) and unstructured hand

movements (games).
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3.4.1 Participants

We recruited 20 healthy participants (7 female, 13 male; mean age 22.4y SD=5.1y). 19
participants were right-handed and 1 participant was left-handed. Participants who require
glasses were allowed to wear them during the study under the head-mounted display. Each
participant was given a long sleeves t-shirt to wear, and trackers were mounted on the t-shirt

during the study preparation.

The study was conducted according to COVID-19 safety guidelines and the study received
ethics clearance from the Human Research Ethics Committee (HREC) of the University of
Sydney (Application number: 2019/553). All apparatus was cleaned after each study adhering

to the Australian Government regulations.

3.4.2 Apparatus

The hand motion data were recorded with the OptiTrack motion capture system (version
1.10.2) with eight cameras mounted on the ceiling. The participant wore seven trackers on
the upper body, which included trackers in participant’s wrist, elbow and shoulder on each
arm, including a tracker on the back as shown in Figure 3.2a and b. The tracking data was

recorded at 100 Hz. Trackers were labeled as shown in Figure 3.2c.

We used an Oculus Quest as the VR headset and Oculus Touch handheld controllers. To
collect the structured hand movements, a custom application was developed with Unity3D
(Figure 3.2d) where the controller position and orientation were recorded at a rate of 72 Hz in
addition to the data from the OptiTrack system. For the VR games, no motion data from the

Oculus was recorded as our 3rd party applications could not access the sensor data.

In addition to the sensor data, the VR screen was mirrored to a computer for screen recording.

The whole user study session was video recorded with a camera.
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3.4.3 Study Design

The study was divided into two tasks. Each task collected hand movement data for different
activities. The first task (T1) samples structured hand movements between indicated points
in a three-dimensional pointing study. The second task (T2) samples unstructured hand
movements from three VR games to increase the external validity of our data set. Both tasks
include aimed movements in VR, which contains an initial voluntary ballistic movement
followed by a corrective movement [97]. For both tasks, participants were in a standing
posture and were instructed not to move their legs during the tasks. However, movements
such as twisting, bending the body and leaning to the sides without moving their feet were

allowed.

The study was conducted in a single session taking approximately 1 hour per participant.
We followed a within-subjects design for the study, where task order was counterbalanced.
Participants were allowed to practice until they felt comfortable with the task and to take

breaks during the study to prevent fatigue.

T1: Structured Movement via 3D Pointing

The first task followed a repeated-measures, within subject design and collected data from
hand movements in all three dimensions. This study opted for a structured approach, where
the participant was asked to move their hand towards virtual point targets. The targets were
represented as 3D spheres with a diameter of 5 cm. For each participant, the starting hand
position was initialized before the experiment with the participant placing their hand in-line
with the shoulder while making an approximately 90° angle between their forearm and upper
arm similar to the study conducted by Cha et al. [22]. At the start of the study, the participant
places the virtual index finger on the initial position as seen from the VR headset (red circle
in Figure 3.3a and b). When the first target appears, the participant moves their finger from
the initial target to the first target (Figure 3.3a-reaching). A change of colour indicated to
the participant that they successfully reached the target. Afterwards, a second target on the

opposite side of the same circle appears and the participant moves their hand from the first
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target to the second (Figure 3.3a-pointing). Finally, the participant moves their finger back to
the initial target which completed one iteration of the task. The participant was asked to do

all the movements as quickly and accurately as possible.

The targets were equally distributed in four circles in front of the user in 45° increments
(Figure 3.3b). The circles differed in their distance to the start position (Depth) and their
angular deviation (T'heta) as shown in Figure 3.3c. Depth was measured from the starting
position of the hand. Our initial experiments indicated that when an angular deviation of 60°
is used, it is difficult to spot all targets due to the limitations of the viewing angles of the
VR headset. To limit the duration of the study, we evaluated only two distances (20 cm and
40 cm) and two angular deviations (30° and 45°). The study contained five iterations of 32
movement blocks (2 depths x 2 angles x 8 positions). Participants could take a break after
each iteration to prevent fatigue. The movement order was randomized for each iteration to
avoid biases. In total, we collected 160 trials (32 movement blocks x 5 iterations) for each

participant.

T2: Unstructured Movement via VR Gameplay

Arm movements in virtual reality applications can be complex. They combine various
properties, such as direction, curvature, distance, and speed. In Task 2, we collected arm
movement during VR gameplay to ensure our prediction is working in realistic VR scenarios.
To cover a wide variety of movements, we asked participants to play three popular VR games

(see Figure 3.2e—g).

e BeatSaber is a thythm game where the user needs to slash small cubes with two
sabers on both hands. The game contains fast directional slashing movements from
both hands.

e FitXR-Box*is a rhythm game where the user needs to hit small targets using both
hands. The game contains fast and powerful forward movements of both hands
which closely resembles boxing.

Shttps://beatsaber.com (Accessed on 2021-03-26).
“Nttps://fitxr.com (Accessed on 2021-03-26).
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a)

|S'(tg+t)-S(ty+t) |

Predicted Real

FIGURE 3.4: (a) Hand trajectory prediction at a given time ty, from the
position S(ty) to position S(ty + t) at time ¢

e Eleven’ closely resembles real-world table tennis strokes with the dominant hand.

With an initial study, we observed that each game had different move dynamics. Due to the
fast and wide slashing movements in BeatSaber, it had the highest average speed (0.72m/s)
and highest spans in horizontal and vertical directions (0.85m, 0.95 m). FitXR-Box had a
much lower horizontal span (0.57 m) and the highest span in frontal direction (0.75m) as
expected from the boxing movements. Meanwhile, move dynamics of Eleven varied greatly

among users, as individuals have different styles for playing table tennis.

Each game was played for approximately three minutes. Before recording the data, parti-
cipants could get familiar with the game by following the in-game tutorials and playing the

game for 1 minute. Participants could take breaks between games.

3.4.4 Data Preparation and Presentation

We used data from the Optitrack motion capture system for training and testing of our

prediction models. To reduce the noise introduced from the trackers, we apply a Gaussian

5https ://linktr.ee/elevenvr (Accessed on 2021-03-26).
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Filter to smooth the trajectory similar to prior work [67]. For the hand trajectory we used the
position of the marker R1 or L1, 3.5cm above the wrist (Figure 3.2e) relative to the body

frame with reference to centre of the shoulder plane, i.e., marker B shown in Figure 3.2e.

3.4.4.1 Training — Testing Data Split:

The data collected was split to training and testing portions upon collection. We used 30 s
(<10% of data from T1 and 15% of data per game from T2 ) as the training set. The rest
was allocated for testing. Therefore, all the testing we conducted throughout this paper was

conducted on data independent from the training data.

3.5 Hybrid Kinematic Regressive Model

Our predictive model uses classical kinematic equations as the base of a multi-layer regressive
model. This section explains the process used to develop the model with an overview of
metrics used to evaluate prediction accuracy, classical kinematics, prediction-time dependent

kinematics regression and inferred prediction-time independent kinematic modelling.

3.5.1 Metrics for Prediction Accuracy

Before developing the model, it is important to identify metrics to compare the performance
of the prediction accuracy. In this section, we explain our definition of the prediction error
per each instance and the aggregated accuracy measures we used to compare the developed

models.

Figure 3.4a depicts the prediction error |S’(ty + t) — S(to + t)|, the distance between the
predicted (S’(to + t)) and the actual (S(to + t)) hand locations where ¢ and ¢ are initial time
and the prediction time interval respectively. To add a relative comparison, it is common in
predictive models to use the initial point as a naive prediction (i.e. S'(ty +t) = S(ty)) [67].
In other words, naive prediction assumes the hand does not move during the predicted time

period. As S(to + t) is the ground truth at time ¢, + ¢, naive prediction error can be expressed
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as |S(to +t) — S(to)|, which is the actual displacement of the hand during the predicted time
period. Therefore, we take naive prediction as a naive baseline to compare our prediction

models with the actual movement.

The prediction errors defined above apply to a single point in the trajectory. Since our aim is to
predict continuous hand motion trajectory, we need to aggregate the per point prediction errors

to a single metric. Root Mean Square Error (RMSE), or RMSE of |S’(ty +t) — S(to + )

]

is a commonly used aggregated metric to evaluate predictive trajectories [36]. Another
commonly used metric is the Mean Absolute Error (MAE) [78]. We chose RMSE as the
primary metric since it gives a higher weight for larger errors in prediction due to the squared
terms. Therefore, RMSE is better suited when higher errors are particularly undesirable,

which is important in trajectory prediction.

Furthermore, Nancel et al. [119] showed that while RMSE provides an overall measure for
the accuracy, it does not capture side effects of latency compensation methods from a user’s
perspective. They identified seven spatial accuracy metrics to capture the side effects for
touch location prediction in 2D touchscreen. We extended their metrics Lateness (slow to
react to the actual movement), Over-anticipation (over-react to the actual movement) and
Wrong Orientation (not going in the same direction as the motion) to 3D space. We also use

these additional metrics to compare our final model with the baselines.

3.5.2 Classical Kinematics of Motion

Classical kinematics can be used to model behavior of moving bodies with respect to a frame
of reference. As shown in Figure 3.4a, given the three-dimensional hand position vectors

S(to) and S(to + t) at times ¢y and ¢ respectively, S(to + t) can be expressed as:

k

1.d"S(t
S(to+1) = Za#t" (3.1)

n=0

dkS(to)

S= to be constant. For instance, movements with constant

This equation assumes that

acceleration, where the second derivative is constant. We can set £ = 2 to get the equation for

displacement D(¢) (i.e., D(t) = S(to + t) — S(to)), in the familiar form D(t) = ut + 3at?,
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ds(t
where © = %‘))anda:

dQS(to)
dt2

are velocity and acceleration. However, acceleration of the
hand movements are not constant and changes with time with the forces exerted by muscles.
Therefore, it is important to identify a £, which is low enough to make the model plausible and
high enough to accommodate real hand movements. Hogan et. al. show that voluntary hand
movements in mammals follow a minimum jerk law, where jerk (7) is the 3rd derivative of the
motion. The law states that the nervous system tries to make the smoothest movement possible
by reducing accelerative transients. The law further states that pointing movements would
have a constant crackle (c), which is the 5th derivative of the motion [86, 140]. Therefore, we
tested the classical models (C'My,) for k € [1, 5], assuming a constant crackle. For instance,
CMj—s results in S'(to +t) = S(to) + vt + 2at? + £ jt* + o st* + 555ct®, where s is the 47

derivative named snap.

We used the data collected in our experiment to calculate future positions of the trajectory
using these classical models (C'Mj,) at 50 prediction intervals at 10ms steps from 10ms to
500ms. Figure 3.4b shows the average RMSE across users and activities under each £ values,
where RMSE values are calculated for the prediction error |S(¢g+t) — S(to+1t)|. Figure 3.4b
also shows a comparison with the naive baseline where S’(ty + t) = S(ty), which is the

classical model with k = 0 (C'M;.—o).

The classical model with & = 5, C'Mj_s5, generated low average RMSEs until ¢ = 0.16s
(mean = 0.5e¢m, SD = 0.07cm). However, after ¢ = 0.18s, data shows that the time varying
nature of real hand movements is difficult to capture in these equations and it exponentially
overestimates the movements. In Figure 3.4b, it is important to note each added derivative
contributes to better predictions at smaller prediction intervals, but at larger prediction intervals
increasingly contributes to the error. Since classical models with k = 5, C'Mj._s, is the best

performing classical model, we use it as a non-naive baseline for comparison with our models.

3.5.3 Prediction-Time Dependent Kinematics Regression

In Figure 3.4b, it is evident that the motion characteristics such as u, a, j, s and c are essential

to estimate future locations; with increasing prediction intervals, their contributions with
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1

51 ---) leads to an exponential error.

constant weights in the classical kinematics (e.g., 3, ¢,
This can be explained by the accumulation of errors in the integrative nature of the equation
(ie. u = j;to a). Therefore, to counter future changes to higher order derivatives, even beyond
crackle (c), prediction-time (t) dependent weights for each derivative in Equation 3.1 are

needed. Essentially, this can be expressed as:

1

Q

CYQt

t)]
(t)
D(t) = |vt at® ¥ st* ct®| x |as(t) (3.2)
(t)
(t),

Q
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Q

Where each «,,(;) represents a three dimensional variable (for three axis of movement), specific
to a given prediction interval ¢, and D(t) = S(to +t) — S(ty). We considered identifying
each ay,(y) as a regressive problem. To develop regressive models for each ¢, we used the
training portion of the movement data collected in our user study. Our attempt to fit a model
that takes prediction time as an independent variable failed with R? < 0.3 even for prediction
times t < 250ms. Therefore, we considered creating prediction time dependent models where
inputs to the regression was {v(o)t, a(t)t?, Jito)t>, So)t*s Ct)t” } Where ¢ is current sample

time and ¢ is the prediction time interval.

For increased granularity across prediction time (¢), we used 50 time steps in [10m.s, 500ms]
range in par with our sampling interval of 10ms. To accommodate the user, task and prediction
time interval dependent nature of the movements, we regressed 4000 (50 — timesteps X
20 — users x 4 — task) independent models resulting 5 «,,s per model (i.e., 4000 - «y, 4000
- (o, etc.), each 1 x 3 vector representing three axes. We represent these three models as
D, 1, Up.4, TEpresenting, prediction time, Task, Activity and User Dependent nature of the

model.

To validate each model, we used the test data portion from the user study to calculate RMSE

for each model with respect to the conditions the models created against, i.e. relevant
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to prediction interval (), users (U) and tasks (T). Figure 3.4b shows the average RMSE
across each model in comparison to the Naive Baseline and Classical models (C'My). A
Mann-Whitney test indicated that for higher prediction intervals of ¢ > 160ms, the 5th
order classical model has a prediction error (median = 0.44) significantly greater than for
D 1, vp.ap (Mmedian = 0.35), U = 2622, p = 0.024, and shows a proportional increment of
error with ¢. Therefore, ®; 1, 17,4, can be used as the best possible model, however, it is too
specific (user, task) and the prediction time, and will be implausible to apply in a realistic

scenario.

3.5.4 Inferred Prediction-Time Independent Kinematic Modeling

The major challenge of the ®; 1, 17, 4,, 1s that any practical system needs to maintain a
series of models (4000 in our case) for each specific scenario. And each new factor will
exponentially increase the number of models. Furthermore, any change in the coordinate
system will need either coordinate translation or re-calibrations. For real-life applications,
a general model is desired, where minimum or no additional training needed for each new
scenario. However, ®, r,, 17, 4, showed great promise in the regressive nature of the hand
movements. A generalizable regressive model would be ideal for the fast prediction of future

movements.

The fitted «,,s in the ®; 1, 17, 4, models can be used as a basis to develop an inferred
regression model, which can be generalizable and independent of the scenario. Figure 3.4c
examines the distribution of o, in each model in ®; 7, 17, 4,,, with the regions indicating
the 95% confidence interval at each prediction time. The model shows a converging pattern
towards higher prediction intervals (), but at lower ts, it shows high variations. This is
due to the regressive model trying to accommodate large variability of higher derivatives of
movements (a3, oy and ). This intern affects the regressed coefficient of lower derivatives.
A straightforward approach is to create a general model of each «,, as a regression of
the distribution in Figure 3.4c. However, this resulted in poor fitting with R? . = 0.77,
R2, = 0.38, RZ, = 0.07, R2, = 0.07, R%_ = 0.08 for each a,. Also, we observed that,

classical models perform equally well until ¢ reaches 0.16s (first statistically difference as
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compared in Figure 3.4b). Therefore, a hybrid approach of classical and regressive models is
necessary to capture the high performing parts of each method. We considered two piecewise

approaches to create two hybrid models.

3.5.4.1 Direct Classical + Regressed Piecewise Models ($’):

In this approach, we directly replaced the first portion of the regressive model until the
time interval (), where RMSE reached a statistically significant advantage with the model

D, 1, Up,4,- Specifically, we created a piecewise split of the coefficient function at ¢ = 0.16s.

af t < 0.16s
al (t) = (3.3)
a;(t) t > 0.16s

Where, o) = % are constant classical « values and Q) Tepresents the regressed and time

dependent values, which can be expressed as a second order polynomial o, W = Bo+B1t+5at2.
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In order to compare the effect of task, user and axes dependency, we regressed Wy with each
factor dependent and a final model which is completely independent of all the factors. Each
of these models is denoted by ®7. 17, 4, ®7, 1) 4,5 P71, 17, 4, a0d D7, 17 4, where T, U, and
A indicates task, user and axes and D or I indicates dependency or independency. The series

of regressive models had an average R? of 0.85 with a SD=0.06.

Figure 3.5a shows the average RMSE against prediction interval for four models compared
to the ®; 1, 7,,4,, model and the baselines. Surprisingly, we found no significant difference
(Mann-Whitney test) of the task, user or axes dependency in the comparison. This is indicative
of a task, user and axes independent model that can be developed for hand movement
prediction without any personalized training. However, in the results, we noticed a sudden
drop of RMSE at the piecewise junction (¢ = 0.16s). This is indicative of a gradual transition

from classical to the regressive model may further increase the performance.

3.5.4.2 Interpolated Classical + Regressed Piecewise Models (9”):

In the second hybrid model, our goal was to implement a gradual transition from the classical
model to a regressive model. Rather than setting fixed classical values when ¢ < 0.16s, we
included an interpolation between the classical model and the regression model, resulting in

new piecewise definition of the function:

Cn169 "y 4 () 16
o(t) = . -

a;(t) t > 0.16s

This model holds the same behaviour for &’ for prediction intervals greater than 0.16 s. Since
all independent approaches should hold for the most challenging prediction intervals, we tested
RMSE for this model only for all independent regressive configuration, ®7, ;; 4, . Figure 3.5b
shows the average RMSE against prediction interval for &7, ;; ,, compared to the ®; 7, v/, 4,
@7, 1,.4, and the baselines. We did not observe any significant difference between the models

with the Mann-Whitney test. Results show RMSEs of 0.80 cm (SD=0.12 cm), 0.85cm
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(SD=0.14 cm) and 3.15 cm (SD=0.38 cm) from future hand positions ahead of 100 ms, 200 ms

and 300 ms respectively across all the users and activities.

Figure 3.5¢ shows a comparison of the two models &7, ;; 4, and @7, ;; , int = [10,200]
region where the two models differ. The figure shows that @7, ;; , outperform ®7. . , in
the region ¢ = [70, 150] and that average error of ®7. ;; , has improved in the prediction
interval ¢t = [70,150]. However, we did not find a statistical significance with the Mann-
Whitney test. The transition of the error from classical to regressive model has become
smoother in the &7, 1, 4,. Therefore, we conclude that the combination of the interpolated
classical model and the task, user and axes independent regressed model, @7 ;;, 4,, resulted

in the best outcomes for prediction.

3.5.5 Results

Our final predictive model (97, ;. 4,) achieves RMSEs of 0.80 cm (SD=0.12 ¢cm), 0.85 cm
(SD=0.14 cm) and 3.15 cm (SD=0.38 cm) from future hand positions ahead of 100 ms, 200 ms
and 300 ms respectively across all the users and activities. Compared to naive baseline
and C'Mj._5, our model reduces RMSE by 79.1% and 78.1% for 300, 500 ms. Our model
achieves MAESs of 0.28 cm (SD=0.19 cm), 0.33 cm (SD=0.23 cm) and 1.97 cm (SD=1.10 cm)
for 100 ms, 200 ms and 300 ms PIs, which is in the same order as the tracking errors of the

commercial VR headsets (Oculus Quest 0.69cm, Samsung Galaxy S9 1.69cm) [128].

To compare our predictive model for pointing tasks, we predicted the landing position of
each pointing task at 10% increments along the way from start to end similar to Henrikson
et al. [67]. Figure 3.6a shows the average angular accuracy of models &7, ; ,, compared to
the naive baseline and C'Mj—s. New @7, ;; , creates average angular accuracy of prediction
4.0° (SD =1.6°) at 50% of the way and 1.5° (SD =0.6°) at 70% of the way of the movement.
At 50% of the way, 7, ;. 4, model shows a reduction of angular error by 74.5% and 74.4%
compared to the naive baseline and C'M;._5 respectively. Similarly, for 70% of the way, the

error reduction of our model is 82.4% and 66.9%.
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We further studied how our models perform for reaching tasks, where the activity involves
radial outward movements shown in Figure 3.3a. In this task, we report prediction accuracy
as distance to target error at 10% increments along the way from the start. Figure 3.6b shows
the average distance error of the model ®7, ;; ,, compared to distance from the target as the
baseline. ®7, ; 4, model achieves an average accuracy of prediction 0.51cm (SD = 0.24cm)
at 50% of the way and 0.41cm (SD = 0.20cm) at 70% of the way of the movement. The
average accuracy of the model reaches the pointing target’s diameter 5¢m at 47% of the way.
Compared to baseline and the C'M—s, 7, ;. 4, model achieves a reduction of error by 78.9%
and 28.0% at 50% of the way. Similarly, for 70% of the way, the error reduction of our model
is 69.3% and 24.1%.

We also calculated the side effects introduced in [119] for our final model ®7, ;;, 4,. For Late-
ness, Over-Anticipation and Wrong Orientation we report 1.21 cm, 1.41 cm, 27.63° for our
model and 3.03 cm, 2.77 cm, 39.75° for 5th order classical model (C'Mj._5). In comparison,
our model reduces these side effects by 60%, 49% and 30% respectively compared to the Sth

order classical model.
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Furthermore, Figure 3.1b—c shows a comparison between the predicted trajectory by our
model (red) and the real motion trajectory (blue) for activities BeatSaber and FitXR-Box for

PI [10, 300] ms, showing how the predicted trajectory closely follow the real one.

Since this model is axes independent, it is resilient for changes in the coordinate system given
that it is with respect to the body. Also, o/ (t) is a single axis function since all axes share the
same coefficients. Therefore, /! () for displacement vector calculation using the Equation 3.2

can be expressed as:

- ¢ -

1.0000 + 0.1693t t <0.16s

1.0174 + 0.4547t — 2.4655t> ¢ > 0.16s
0

0.5000 + 0.1837¢ t < 0.16s
ay(t) 0.6550 — 0.7458¢ — 0.24582 ¢ > 0.16s
as (t) (
0.1667 + 0.1151¢ t < 0.165
0.2637 — 0.5122¢ + 0.1308¢2 ¢ > 0.16s
(1) \
as(t) 0.0417 — 0.0343¢ t < 0.165

0.0739 — 0.2809¢ + 0.2836t* ¢ > 0.16s
;

0.0083 — 0.0064t t <0.16s

0.0150 — 0.0569¢ + 0.0555t% ¢ > 0.16s
\ .

3.5.6 Error Analysis

Figure 3.6¢ shows that our model often makes smaller errors and when large errors occur, they
are less frequent. For instance, 90% of the errors that occurred are less than 0.6 cm, 0.8 cm
and 3.4 cm for 100 ms, 200 ms and 300 ms across all users and activities. We considered the
dominant hand of the participants for our analysis and the left-handed user was not given
special treatment. Surprisingly, for the left-handed user, the model performed better than for

the average of all users with RMSE of 2.34 cm of 300 ms prediction. We did not observe
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any impact on accuracy with the VR expertise of the participants. We also did not find a
direct correlation between the movement kinematics and the prediction error. Anecdotally,
we observed that large errors occur with large directional changes as shown in Figure 3.1e

which need further investigation.

3.6 Verification of the Model

To assure the generalizability of our model, all the accuracy measures presented in section 3.5
is conducted on a test data set, which was not used to derive the model. For instance, of
each task (pointing and games), less than 15% of the data is used for training, and the rest is
used for testing. Especially with gradually progressing tasks such as VR games, it is fair to
assume a large portion of the movements in the training data would differ from that of testing.
However, our model uses a portion of data from each participant and each activity. Therefore,
to investigate overfitting or selection biases, we conducted two further explorations: (1) cross
validation of the methodology and (2) a new user study with two new activities to apply the

model to a completely independent scenario.

3.6.1 Cross Validation

We conducted 4 folds of cross validation by separating 25% of the users as test data and
calculated the average RMSE across all folds for all the activities. Figure 3.7a shows the
results of the cross-fold evaluation compared to the collective model’s RMSE. The average
RMSE of cross validation was lower than that of the collective model at the higher end of the
prediction, but we did not observe any significant differences. In addition, we built 20 models
adding users 1 by 1 for training and tested them across the rest of the users progressively.
After 13 users the model stabilizes with the change of error 0.99 mm for consecutive models.

However, this may change with other user factors (e.g., age, injuries, etc.).
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FIGURE 3.7: a) Average RMSE (in cm) of four-fold cross validation of the approach.
3.6.2 New Users and Activities

To verify the applicability of the model to a new user group and a new set of activities,
we recruited 3 participants (age 22 to 30, one female), and asked them to perform two
new tasks. First task was performing free form sweeping movements including flexion,
extension, abduction and tracing a horizontal figure of 8 parallel to the body plane. We
selected these movements since it covers a larger area of the space and they are dissimilar
to the movements used in the first study. For the second task, we selected a dancing game
FitXR Dance Mode, which also consists of movements dissimilar to that of the previous study.
Participants performed each task for approximately 6 minutes and 3 minutes consecutively.
Data collection and recording followed the same procedure as the first study. Figure 3.7b
shows the average RMSE for the new tasks against the prediction time in comparison to
the overall RMSE calculated for the original users. Results show a low average RMSEs of
0.55cm (SD = 0.61ecm), 0.61cm (SD = 0.59¢m) and 3.36cm (SD = 1.37¢m) at prediction
intervals ¢ = 100, 200, 300 respectively. This shows even with new users and significantly

different tasks, the model performs fairly well.
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3.7 Discussion

In this paper, we presented a user- and activity-independent parametric kinematic model for
3D hand trajectory prediction in VR environments. Our results show that the model produces
better performance compared to a non-naive baseline and needs little additional training for
new users and activities. Furthermore, the simplicity of the model creates low computational
overhead, which is an important factor for predictive systems. This section discusses the

implications of the presented system and future perspectives.

Timely and high-quality multi-modal feedback is critical to implement realistic VR systems.
Despite rapid progress in hardware developments, high-quality graphics and realistic physics
simulations (e.g., interactions with fluids) are still very time-consuming in stand-alone VR
systems. A predictive model can help the VR systems to forecast future events (e.g., Fig-
ure 3.1a collision) and pre-renders complex graphics in advance [138]. Offloading heavy
computational tasks to remote clouds is another solution. However, offloading introduce com-
munication delays (40 ms) and online computing delays (100 ms) [38]. A simple predictive

model like ours can significantly contribute to counter these delays.

Another important area where a predictive model can be instrumental is to overcome asyn-
chrony in multimodal feedback. For instance, delays as small as 50 ms in haptic feedback
are noticeable to users in VR [37]. However, in commercial VR systems, delays in tracking
(22ms) [121], actuation of haptic systems (33 ms)® and other communication delays can
easily exceed the required latency. Researchers also experiment with other types of sensory
feedback such as thermal [131], wind [161, 136], smell and taste [137] where the onset delay
in actuation is significant. These numerous delays lead to noticeable latency that breaks the
immersion of the virtual environment [134]. A prediction model like ours can compensate for
these delays by forecasting the future interactions of the users (Figure 3.1a) with minimum

overhead.

6https://developer.oculus.com/documentation/native/pc/
dg-input-touch-haptic/ (Accessed on 2021-03-26)
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Predictive models have many other potential applications in VR beyond latency reduction.
One such example is an error correction mechanism. Intermittent loss of tracking data is
common in motion tracking systems due to occlusion or lighting issues. We observed such
losses in the data we collected. Predictive data can be used to reconstruct missing hand
trajectories as shown in Figure 3.1d, where circled areas demonstrate how missing path is
redrawn using our model. Other areas where prediction can be used include haptic retargeting
[28, 11] which enables the reuse of a single physical object to provide passive haptics for

multiple virtual entities.

Our model performed surprisingly well without any further training for new users. We
believe the success of the approach is due to commonalities of movement kinematics at short
time intervals (e.g., 300 ms). However, we further explored other possible factors that could
degrade the performance of the model. The generalizability was an important concern and we
evaluated our model against the dancing move set of CMU Motion Capture Dataset [40] to
further explore the external validity. Our model achieved an RMSE of 3.86 cm for 300 ms
prediction, which is an improvement of 83.6% compared to C'Mj._5. It is important to notice
that, unlike our dataset, this data includes hand motion data when the user is moving their
feet. Another concern was the grounded and third-person perspective of the OptiTrack system
we used and whether the model will apply to first-person wearable tracking systems used in
most commercial VR headsets. We tested our prediction model for the Oculus Controller data
we collected from the structured task (T1). This also gave us the opportunity to test if the
model is completely independent of the tracking coordinate system and the sampling rate,
where Oculus records data at 72 Hz in a coordinate system with respect to the participant’s
head. Furthermore, the marker we used for the hand was 3.5 cm above the wrist while Oculus
tracks the controller held in hand, making the data truly of the hand location. With Oculus
data, our model achieved a RMSE of 2.39 cm for 306 ms prediction time, which is a smaller

error compared to OptiTrack prediction data at 300 ms.
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3.8 Limitations and Future Work

Our model was primarily trained and tested on aimed movements, which contained a majority
of voluntary ballistic movements [97]. Further investigations are required on how the model
perform for other types of movements (i.e., steering movements). However, the dancing task
in the follow-up study (FitXR-Dance) was partly a steering task, where the participant copied
the movements of a VR character simultaneously. For this task, error reduction is 76.6% at
300 ms with respect to C'M;._5 which is comparable to 78.1% error reduction in other tasks.
We recommend our model is best used for predicting ballistic movements up to 340 ms, as the
model’s R? score decreases below 0.9 (Figure 3.7¢) beyond this prediction interval, indicating

that the confidence of the model deteriorates beyond this interval.

All participants in our study were between 18 and 39 years old, which is currently the core
demographics for VR applications’. The findings and movement models we discussed in this

paper might differ for other age groups and people with injuries or disabilities.

While only the wrist trajectory is used in this study, we expect that the proposed approach can
be adapted to motion trajectories for other body locations. For example, it would be possible
to consider the motion trajectories for the elbow and shoulder to build a kinematics model of
the whole arm. Moreover, our model does not take hand orientation and wrist flexions into

account. Their possible effects on the prediction need to be explored in future work.

Although developed and evaluated within a 3D VR environment, our model is not fundament-
ally limited to predictions in VR applications. Since we use 3D motion trajectory, this work
can be expanded to non-VR motion prediction such as hand movements in the real world or
daily activities. It would be important to investigate if the generalized model changes for

non-VR activities.

See https://www.nielsen.com/us/en/insights/report/2017/
us—-games—-360-report-2017/ (Accessed on 2021-03-26).
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3.9 Conclusion

This paper contributed a novel user- and activity-independent hybrid classical-regressive
kinematics model for continuous 3D hand trajectory prediction for ballistic movements in
VR. Through a user study with 20 participants, we show our model performs comparably
to personalized and specialized models for both structured and unstructured ballistic hand
motions. Across all the users and activities, our model achieves a low Root Mean Square
Error (RMSE) of 0.80 ¢cm, 0.85 cm and 3.15 cm for future hand positions of 100 ms, 200 ms
and 300 ms. Finally, we evaluate our model through cross-validation and a follow-up study
with new participants and activities. To the best of our knowledge, this is the first attempt
to develop a generalized hand motion prediction model across different users and activities
for ballistic movements. Our prediction model can be used in VR to pre-render graphics,
calculate complex physics, support real-time multi-modal feedback, and even recover short-
term tracking errors. While this paper focuses on VR, we believe there are benefits in

extending our work to other domains in the future.



CHAPTER 4

Empirically Modified Minimum Jerk Models for 3D Trajectory

Prediction for Reaching Movements

This chapter presents the paper titled "Empirically Modified Minimum Jerk Models for 3D
Trajectory Prediction for Reaching Movements", which has been submitted for review at
Special Interest Group on Computer Graphics and Interactive Techniques (SIGGRAPH Asia)
journal track. The paper is included in this thesis without any modifications, in accordance

with the University of Sydney thesis submission policy.
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Reaching movements play a central role in human interaction with the environment, and
reliably modeling them is vital for a range of applications, including predicting human hand
motion in interactive systems for pre-rendering realistic computer graphics, synthesizing
hand trajectories for human avatars and robotic platforms, and enabling safe and efficient
human-robot interactions. Delivering these capabilities in practice requires accurate and
lightweight models that can operate in real time on energy-constrained mobile and wearable
devices, enabling low-latency interaction with minimal battery impact and supporting broad
deployment across diverse interactive applications. In this work, we present novel user- and
gesture-specific empirically modified minimum jerk models, which combines mathematical
modelling with empirical observations for predicting and synthesizing 3D hand trajectories
for reaching movements. These extremely lightweight models are designed to account
for individual and gesture-level variability, and to generate naturalistic motion suitable for
interactive and graphics-driven environments. We develop and evaluate our models using a
dataset of 20 users performing reaching movements and further validate their generalizability
on a public dataset. Finally, we demonstrate the ability of our models to synthesize user-

specific hand trajectories with natural variation across repetitions, even for unseen users.

4.1 Introduction

Reaching movements are fundamental to human interaction with the physical world, playing
a central role in various tasks, from everyday activities to complex manipulative actions.
Accurately predicting and synthesizing these movements is crucial for many interactive
applications, including computer graphics, Human-Robot Interaction (HRI), and Human-
Computer Interaction (HCI) systems. In computer graphics, modeling these hand movements
enables virtual characters to perform realistic and physically plausible actions, supporting
applications such as hand motion synthesis for human avatars [180] and the pre-rendering
of complex, anticipatory animations for interactive environments [73]. In collaborative
human-robot environments, a reliable model of human hand motion is vital for enabling
robots to anticipate human actions and adapt their behavior accordingly, playing a critical

role in ensuring safe and efficient interactions between humans and robots [54, 19, 190]. This
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FIGURE 4.1: a) User study setup for reaching movements in the dataset,
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deviation of 30 ° and 45 °, b) Reaching hand trajectories recorded for a
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gesture-specific models outperform the traditional Minimum Jerk Model.
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is equally important in HCI contexts, including rehabilitation applications [7], and reach

trajectory planning in Virtual Reality (VR) [27].

Given the significance of reaching gestures in many domains, substantial research efforts have
focused on modeling and predicting their trajectories. Recent advancements have introduced
deep learning [27, 148] approaches to capture the complexity of human motion. While these
models have demonstrated relatively high accuracy in trajectory prediction, they are often
complex, computationally expensive, and challenging to deploy on devices with limited
resources. In contrast, purely mathematical models like the Minimum Jerk Model (MIM) [42]
offer advantages in simplicity, predictability, and interpretability, making them attractive for
real-time applications. The MJM has been widely used for decades to predict human reaching
movements due to its ability to generate smooth trajectories that align with human motor
behavior. However, it has been shown that the MJM is not sufficiently accurate when compared
with empirical data, exhibiting significant errors between the predicted trajectories and actual
human motion [54, 172]. This limitation highlights the need for enhanced mathematical
models that can more precisely represent human reaching movements while preserving
computational efficiency. Such models would enable real-time execution on modest processors
with the limited energy budgets of smartphones, smartwatches, and headsets, offering low-
latency responses and minimal impact on battery life. This would broaden deployment across

various mobile and wearable platforms, supporting truly ubiquitous HRI and HCI applications.

Previous research has focused on refining the Minimum Jerk Model (MJM) to reduce its
errors and improve its alignment with observed motion data[54, 154, 190, 160]. In a different
approach, Wiegner et al.[172] proposed a higher-order Minimum Snap Model (MSM), which
demonstrated a better fit to experimental data compared to the MJM. Additionally, more
alternative models have been proposed [117, 65]. Despite these advancements, existing
models still struggle to account for user-specific differences and the varying characteristics of

individual gestures.

In this paper, we analyze over 2000 reaching gestures performed by 20 users in VR, as
captured in the study by Gamage et al. [48]. We first compare these gestures with the MIM
and MSM models, finding that although the MJM outperformed the MSM, it still exhibited
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notable errors. Furthermore, we demonstrate that users display distinctive characteristics in
their reaching gestures. To capture these individual variations, we develop a user-specific
empirically modified Minimum Jerk Model. Additionally, to address gesture-specific vari-
ations, we introduce a gesture-specific version of the empirically modified Minimum Jerk
Model, which can effectively model the trajectory without requiring user-specific information
once 20% of the gesture is completed. Building upon the MJM, we develop our models by
framing them as an optimization problem with enhanced constraints to improve predictive
accuracy. Our unique approach incorporates the total percentage of distance covered within
a given percentage of time, derived from empirical data, directly into the optimization para-
meters. This method effectively captures the features of the trajectories and is particularly
advantageous for vision-based hand-tracking devices such as VR headsets. It avoids the need
for constraints based on velocity or acceleration, which depend on derivatives of position
information. The proposed models offer simplicity, interpretability, and computational effi-
ciency due to their purely mathematical formulation, making them more desirable compared
to machine learning-based approaches. Finally, we show how our technique can synthesize
user-specific hand trajectories, yielding multiple distinct realizations of the same reach so
that even repetitive movements exhibit slight differences. By adjusting model parameters, we

further construct plausible movement patterns for entirely novel user profiles.

Our findings show that the user-specific empirically modified model achieves an average
improvement of 83.8% in approximating user-specific trajectories compared to the MJM and
reduces the Root Mean Square Error (RMSE) by 16.9% across all users and gestures. The
gesture-specific empirically modified models reduce the average RMSE across all users and
gestures by 62.7% and 78.2% when predicting the trajectory after 30% and 50% of the gesture
is completed, respectively, compared to the MJM. Additionally, we validated the models using
another publicly available dataset for reaching gestures, demonstrating similar performance
and confirming their generalizability. Figure 4.2a and b show simplified diagrams of our

methodology for prediction and synthesis, respectively.

In summary, this paper makes the following main contributions:
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FIGURE 4.2: Simplified pipeline of the empirically modified Minimum Jerk
Model (MJM) for a) prediction and b) synthesis of hand reaching movements.

(1) A comparison of MJM and MSM models for reaching gestures in VR, demonstrating
that while MJM performs better, it still exhibits significant errors.
(2) A method for generating mathematical models for 3D trajectories of human reaching

movements, consisting of:
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(a) A user-specific empirically modified Minimum Jerk Model to capture individual
variations in reaching movements.
(b) A gesture-specific empirically modified Minimum Jerk Model to address vari-
ations in specific gesture trajectories.
(3) A quantitative evaluation of the proposed models, including validation with a third-

party dataset.

(4) A synthesis method that produces user-specific hand trajectories with natural vari-

ation across repetitions for existing and unseen users.
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4.2 Related Work

This section reviews prior work on predicting human and robotic hand motion, with a

particular focus on mathematical models for human motion prediction.

4.2.1 Mathematical Modelling of Hand Motion

Mathematical models based on principles such as control theory, polynomial trajectories, and
splines have been widely used for modelling hand motion for decades due to their simplicity
and efficiency. One of the earliest predictive models of human movement is Fitts’ Law [41],
which states that the time required to move to a target is a function of the ratio between
the distance to the target and its size in one-dimensional (1D) tasks. Meyer et al. [111]
further refined this by demonstrating that movements can be divided into a fast initial phase
followed by slower corrective submovements, providing a deeper understanding of the speed-
accuracy trade-off. Subsequent work expanded Fitts’ Law beyond 1D tasks to broadening its
applicability to many tasks and environments [101, 1, 33, 58]. Another similar model is the
two-thirds power law by Lacquaniti et al. [84] states that the velocity of human hand motion
is proportional to the curvature of the path raised to the power of one-third, meaning that
movements slow down on curved paths and speed up on straighter ones. While these studies
provide valuable insights into human motion, they cannot be directly used to compute human

motion trajectories.

Another branch of research was on investigating hand motion trajectories for point-to-point
movements, assuming compliance with a global minimum-cost condition [70, 66]. In this
context, Flash and Hogan introduced the Minimum Jerk Model (MIM) [42], which suggests
that human motion is optimized by minimizing jerk, or the rate of change of acceleration.
This model has played a key role and is extensively applied in different HCI [103, 16, 122]
and HRI [168, 103, 6, 125, 112, 7] tasks. Specifically, the MIM is widely used for predicting
human motion trajectories in constrained movements, such as point-to-point tasks. Bratt et
al. [16] utilised the MJM to predict the intended target location in ball-catching tasks in virtual

reality after the first half of the movement was completed.
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Ohmura et al. [122] demonstrated that for pointing tasks, the final position of the trajectory
could be predicted by detecting the first acceleration peak, which occurs within the first
21% of the entire gesture. Lank et al. [86] proposed an endpoint prediction technique for
ballistic point-to-point movements, based on the minimum jerk model (MIM). They derived
an equation for instantaneous speed over distance using the MJM and employed polynomial
fitting to extrapolate the future endpoint. To improve accuracy, they used a pre-calculated
correction coefficient, based on the percentage of the gesture completed. Furthermore, Gong et
al. [54] showed that traditional MJM trajectories are not accurate enough to model real human
arm-reaching movements. To address this, they introduced the Modified Minimum Jerk Model
(MMIM), incorporating an error modification term based on a second-order Fourier series.
Although this improved accuracy, the error modification term varied with different motions,
making it difficult to develop a generalised model for all reaching movements. Todorov et
al. [160] proposed a constrained MJM model by incorporating both MJM and 2/3 power law.
They set the jerk along the normal to the path to zero, which generates velocity profiles similar

to the expected by the 2/3 power law focusing on complex arm movements with curved paths.

However, subsequent studies have found the MJM to be less accurate in certain scenarios.
Gong et al. [54] demonstrated that the classical MJM exhibits inaccuracies when compared
to actual human reaching movements. One key observation they made was that motion
trajectories differ between individuals due to their unique motion patterns. Additionally,
Svinin et al. [154] observed that relaxing the acceleration constraints of the MJM resulted in
a better fit to experimental data for dynamic tasks. Wiegner et al. [172] also evaluated the
applicability of the MIM for single-joint, goal-directed fast movements. They found that the
higher-order Minimum Snap Model (MSM) provided a better fit for the experimental data
than the MJM, concluding that muscle and limb dynamics account for the MSM’s success in

modeling fast movements.
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4.2.2 Human Hand Motion Prediction

Due to the non-linearity and the dynamic nature of hand movements, predicting it is a
challenging task. It involves either trying to predict either the endpoint, or the complete

trajectory of the hand.

End-point prediction is often studied in the context of point-to-point movements such as
reaching in constrained environments. Prior work has explored various mathematical models,
including the Minimum Jerk Model (MJM) [86, 16, 122, 16], statistical methods and classical
machine learning. Recent studies have explored deep learning approaches, including Recur-
rent Neural Networks (RNNs) such as Long Short-Term Memory (LSTM) networks [27],
to address this problem. However, deep learning methods are computationally complex and
resource-intensive, which poses significant challenges for deployment in resource-constrained

environments.

Hand trajectory prediction focuses on forecasting the entire trajectory of human motion.
This task is typically more challenging, and a variety of approaches, including statistical
methods [16, 67, 179] and deep learning techniques [148, 109, 98], are employed to address it.
Recently, Gamage et al. [48] proposed a kinematics-based regressive model for continuously
predicting ballistic 3D hand movements in VR activities. They proposed that arm motion
trajectories can be represented as a polynomial function of time, incorporating up to the fifth
derivative of position. Their model achieved high prediction accuracy, with errors of 0.6 cm
and 3.4 cm for prediction intervals of 100 ms and 300 ms, respectively, across both structured
and unstructured movements. However, prediction accuracy declines for prediction times
exceeding 300 ms. We aim to predict hand trajectories for reaching movements with minimal
overhead, building upon the Minimum Jerk Model (MJM) to generate trajectories that closely

resemble real human movements than existing models.

4.2.3 Hand Trajectory Prediction for Robotics

Predicting hand trajectory is crucial in human-robot interactions, as it enables systems to

accurately mimic human motion, anticipate actions, and coordinate movements with humans.
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In robot motion planning, mathematical models like the Minimum Jerk Model (MJM) are
often used to generate the hand trajectory, which is then applied in inverse kinematics models
to solve for joint locations [174]. Prior work has particularly focused on human-like motion
planning for robots during reaching movements. Xie et al. [174] used the MIM to generate
the finger path that the robot needs to trace. While the MJM is widely employed, it is noted
that it does not always accurately reflect real human hand motions [23]. For a more detailed
and comprehensive review of human like motion generation in HRI, readers are referred to

[62].

4.3 Methodology

In this study, we aim to develop a mathematical model to describe human hand motion
trajectories for point-to-point movements, utilizing an existing dataset for model development
and evaluation. This section first outlines the dataset and then describes the data preparation

process which is used for the model development.

4.3.1 Dataset

We utilized a dataset from a previous study by Gamage et al. [48], which investigated three-
dimensional hand movements using both structured and unstructured activities in VR for 20
participants. For this study, we focused on the structured 3D pointing task, captured using an

Oculus Quest VR headset at 72 Hz.

The structured task employed a repeated-measures, within-subject design to collect com-
prehensive data on hand trajectories in all spatial dimensions. At the start of each trial,
participants positioned their virtual index finger on a designated starting point visible through
the VR headset. A target then appeared, prompting the participant to reach from the initial
position to the target, with a color change indicating successful acquisition. A second target
would then appear on the opposite side of the same circle, requiring the participant to move
from the first target to the second. The trial concluded when the participant returned their

finger to the initial starting point.
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Targets were evenly distributed across four circles in front of the participant, varying in
distance (20 cm and 40 cm) and angular deviation (30° and 45°) from the starting position as
shown in Figure 4.1(a). This arrangement ensured a wide range of movement trajectories for
analysis. Participants were instructed to execute all movements as quickly and accurately as

possible.

4.3.2 Data Preprocessing

To prepare the continuous motion capture data for analysis, several preprocessing steps were
performed to segment individual gestures, smooth the data, calculate velocities, adjust gesture
boundaries, remove outliers, and normalize data. Since the data were recorded continuously,
it was necessary to segment the dataset into individual point-to-point gestures corresponding
to each movement task. Figure 4.1(b) visualizes all segmented trajectories for a single user

across all performed reaching movements.

We applied a Savitzky-Golay filter to smooth the positional data and compute velocities
similar to prior work [190, 13, 85]. This filter was chosen because it preserves key features of
the original signal, such as peak heights and widths, while reducing noise through polynomial
fitting. This is particularly useful when differentiating positional data to calculate velocities,
as differentiation can amplify high-frequency noise. The filter ensures more accurate velocity
calculations without distorting the underlying movement patterns. Using the computed
velocities, we refined the segmentation process to clearly define the start and end points of
each gesture. A challenge encountered was that minor involuntary hand movements and
sensor noise could generate small velocity values even when the hand was stationary. To
address this, we further segmented the data by ensuring a strictly increasing displacement
magnitude, effectively isolating the meaningful movement phases from the noise. To improve
data quality and ensure robust model fitting, we identified and removed outliers using both
statistical and manual methods. Lastly, to facilitate comparison across gestures of varying
durations, we normalized both time and displacement, allowing for consistent analysis across

different gestures.



4.3 METHODOLOGY 73

4.3.3 Minimum Jerk Model

To establish a theoretical baseline for our analysis, we first present the mathematical formula-
tion of the standard Minimum Jerk Model(MJM) proposed by Flash and Hogan [42], which

will be used as a reference in evaluating the arm motion trajectories in our dataset.

According to minimum jerk theory, human motion trajectories are planned to minimize the
magnitude of the jerk of the hand trajectory. For a 3D movement, where r = (z,y, z) are the

coordinates and [0, 7 is the time interval, minimum jerk condition can be expressed;
T 3 2 3 2 3 2
, dz(t) dy(t) d°z(t)

Mathematically, it can be shown that Equation 4.1 is satisfied for trajectories with constant
crackle (5th derivative of displacement) or zero pop (6th derivative of displacement). There-
fore, (), y(t) and z(t) can be expressed as a quintic polynomial function of time. They

share the same form and it can be expressed as;

r(t) = ag + ayt + agt? + ast® + agt* + ast® (4.2)
For point-to-point reaching movements, minimum jerk trajectory can be derived by imposing
the following boundary conditions at¢t = O and ¢t = 1.

r(T)=r;, #(T)=0, 7T)=0 4.4)

Thus, the classical equation that describes the minimum jerk trajectory for point-to-point

movements can be expressed as follows where 7 = ¢ /T
r(r) =ro+ (ry —ro) (107° — 157" + 67°) (4.5)
By replacing 7(t) = r(t)/r(f) and ro = 0, this can be simplified to use normalized time and

displacement values.

#(T) = 107° — 157" + 67° (4.6)
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4.3.4 Minimum Snap Model

The Minimum Snap Model assumes that human motion trajectories are planned to minimize
the magnitude of the snap of the trajectory. Similar to above, the minimum snap condition

can be expressed as;
(T (AN (AN (dz0))
arg mrm/o ((W) + (F) + <W) dt 4.7

Mathematically, a minimum snap trajectory can be expressed as a septic polynomial equation.
r(t) = ap + ait + ast® + ast® + agt* + ast® + agt® + art’ 4.8)

MSM model can be derived by solving 4.8 with conditions in Equations 4.3, 4.4 and additional

constraints where;
7(0)=0, 7(T)=0 4.9)

Therefore, the classical equation that describes the minimum snap trajectory for point-to-point

movements can be expressed similarly to Equation 4.6 as follows;

P(7) = 357" — 847° + 707 — 2077 (4.10)

While the MJIM and MSM models are described using different polynomial expressions, the
trajectories they generate exhibit similar characteristics, as shown in Figure 4.3. Both models
notably cover 50% of the total distance by the halfway point, with the velocity reaching its
peak at this same time. However, the MSM model’s acceleration peak occurs after the MIM

model’s peak.

4.3.5 Empirical Trajectory Comparisons

We began by comparing the empirical trajectories from our dataset with the predictions of
the MJM and MSM models. To evaluate the model’s applicability to our data, we generated

predicted trajectories using equations 4.6 and 4.10 and converted them for the same initial
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and final positions and movement durations as in our recorded gestures. We quantified the
differences between the model predictions and the empirical data by calculating the root mean
square error (RMSE) for displacement profiles. As shown in Figure 4.4a, the MJM model
performs better than the MSM model for reaching activities when considering all gestures by

all users.

We also examined the errors at quarterly intervals along the trajectory (25%, 50%, and 75%)
to better understand the performance of both models. As shown in Figure 4.4b, both the MJM
and MSM models exhibit similar high errors at the 50% mark, with errors of 4.8 cm and 4.9
cm respectively. However, at the 25% and 75% points of the trajectory, the MSM shows larger
errors compared to the MIM. At 25%, the MJM shows errors of 3.9 cm, while the MSM
records 4.9 cm. Similarly, at 75%, the MIM has errors of 2.3 cm, whereas the MSM has a
higher error of 3.1 cm. In addition, we also observe that maximum error occurs between 35%

and 45% for both models.

Our analysis suggests that while the MJM performs better than the MSM in generating
movement trajectories, it still shows considerable errors. Despite its improved accuracy, the
MIM falls short in fully capturing the exact nature of the motion, leaving room for further

improvement in trajectory modeling.

4.3.5.1 Inter-user Variations

We examined the RMSE values for each user, as shown in Figure 4.4c, which highlights the
varying degrees of deviation from the MJM and MSM models across different participants.
This variation is more pronounced when analyzing the average trajectories for each user, as
shown in Figure 4.4d. The figure reveals distinct displacement profiles, indicating that while

the overall task is the same, users tend to follow different movement paths.

We also calculated the distance traversed at quarterly intervals, 25%, 50%, and 75% of the
total movement time, for each user and found significant differences between the models and
the empirical data. This difference is particularly prominent at the 50% mark, where both the

MIJIM and MSM models predict that the movement covers exactly 50% of the total distance at
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half the total time due to their symmetric nature. However, our empirical data showed that

this midpoint distance varied among users.

These user-specific variations suggest that the MJM and MSM models are unable to capture
the uniqueness of individual movement patterns, as they assume uniformity in behavior. This
indicates that a more individualized or adaptive model may be necessary to better account for

these distinct user-specific movement characteristics.

4.3.5.2 Intra-user Variations

We observed that movement trajectories vary not only across different users but also for the
same user when performing different gestures or even the same gesture repeatedly. This
suggests that a user-specific model, while an improvement over the standard MJM, may still

fall short in fully capturing the intricacies of individual movement patterns.

These variations may result from factors such as fatigue, gesture complexity, or slight shifts
in user technique. Therefore, while a user-specific model may offer better predictions than
the MJM, incorporating a more gesture-specific approach could yield even greater accuracy

by accounting for the unique characteristics of each movement.

In the next two sections, we address the observed discrepancies between the empirical
movement trajectories and the predictions of the MJM and MSM by proposing two new
approaches. One approach focuses on capturing the unique variations of each individual user,
offering a user-specific model for more accurate trajectory generation. The other approach
focuses on accounting for variations across different gestures, aiming to predict the trajectory

early in the process, specifically after the partial completion of a gesture.
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4.4 User-specific Empirically Modified Minimum Jerk
Model

We derive our models based on the MJM, as it performs better than the MSM for our
empirical data. Accordingly, we express the displacement as a quintic polynomial, as shown
in Equation 4.2. However, we adopt a similar approach to Svinin et al. [154], by relaxing
the acceleration constraints. Similar to Svinin et al., we observe that the initial and final
acceleration values for gestures in our empirical data tend to be non-zero as well. When only

the initial conditions, (0) = ro and 7(0) = 0 are applied to Equation 4.2, it can be written as;
r(t) = ast?® + ast® + agt* + ast® 4.11)

Similarly, 7(7) can be written as follows, where by, b3, by, b5 are user-specific variables that
need to be determined.

P(T) = bor” + bs7® + by + bs7” (4.12)

Our aim is to minimize the sum of squared deviations between the predicted displacements
and the observed displacements at specific normalized time points 7, such that r(7;) = d,
where £ = 1,2,..., N and N represents the number of chosen time points. d, is calculated
from the empirical data where it is the mean of normalized displacement across all gestures
for a specific user. We include constraints for the final displacement and velocity, as well as a
constraint to prevent the trajectory from overshooting. Combining the objective function and

constraints, the optimization problem is formulated as:

N
argmin Y _ (r(r,) — d,)°,
b2,b3,b4,05 T
subjectto (1) =1, (4.13)
(1) = 0,

r(t) <1, Vtelo,1].
We solve the optimization problem using Python’s cvxpy' library’s default solver for all users
to determine their specific bo, b3, b4, b5 coefficients. To provide the solver with some flexibility,

1https://www.cvxpy.org/
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we slightly modify the overshoot constraint to (t) < 1, Vit + e € [0, 1] where € is a small
positive tolerance. We calculate d,, based on the total displacement ((7)) and used calculated
coefficients on z, y and 2 axes to calculate the final trajectory. We call the resultant model the

User-specific Empirical Minimum Jerk Model for Hand and denote it with the symbol ®y;.

Note that for £ = 1, we can try to relax only the final acceleration constraint, with the idea of
making by = 0 to transform Equation 4.12 to 7(7) = b3 + by7* + bs7° which is similar to
MIJM equation as in Equation 4.4. However, this results in no valid solutions that satisfy the
constraints for some trajectories. Removing the constraint () < 1, Vt € [0, 1] does yield

solutions, but these significantly deviate from the observed trajectories with large overshoots.

4.4.1 Model Selection

To select the optimal model that closely approximates each user’s average normalized tra-
jectory, we computed the Root Mean Square Error (RMSE) of the normalized trajectories.
We explored models with the number of constraints £ = 1,2, 3. As illustrated in Figure 4.5
(for k£ = 1,2), we compared the performance of the user-specific models ¢ for different
values of £ and various time points 7. The results indicate that as the number of constraints
k increases, the models generally achieve lower RMSE values, demonstrating improved
accuracy in approximating the users’ trajectories. For k = 1, the best-performing model
was Oy ..., which uses a single constraint at 7 = 50% of the total movement time. This
model achieved a mean RMSE of 1.15 cm. Increasing k to 2 significantly reduced the RMSE
values. The model ®y; ., ., incorporating constraints at 7 = 40% and 7 = 70%, achieved a
mean RMSE of 0.66 cm. This substantial improvement indicates that adding an additional
constraint allows the model to better align with users’ movement patterns by capturing finer

variations in the trajectory.

For k = 3, the models demonstrated marginal improvements over the k£ = 2 models. The
model @y ., ., .,» Which includes constraints at 7 = 30%), 60%), and 80%, yielded the lowest
mean RMSE of 0.62 cm. However, the improvement compared to the £ = 2 models is

minimal, suggesting diminishing returns with further increasing k. In summary, while models
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marginal improvement over the £ = 2 models was minimal. Considering the diminishing

with & = 3 constraints provided the most accurate approximations of user trajectories, the
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returns, we propose to use k = 2. 7 = 40% and 7 = 70% for modelling user-specific

trajectories and we call this model ;.

4.5 Gesture-specific Empirically Modified Minimum Jerk
Mode

While the ®7; accounts for user-specific movement characteristics, it does not capture the
variability in movement trajectories for the same user across different gestures or even the
same gesture performed repeatedly, which can be influenced by factors such as fatigue, gesture
length, complexity, etc. ®;; predicts the trajectory a user would typically take on average,
but the exact trajectory can only be determined as the gesture unfolds. Therefore, we aim
to predict the trajectory of the gesture once a small percentage (p%) of the gesture has been

completed.

Here, we formulate the problem differently to Equation 4.13 that was for ®;;. We explored
different methods of formulating the optimization problem and empirically found a better
approach that closely resembles the gesture trajectories observed in our data. Since we know
the exact values of z(7;) = d,, for given 7, we impose these as constraints. Similar to the
previous model, we relax the acceleration constraint and model the optimization problem as

in Equation 4.14.

N
arg min Z (r(mg) — di)2
b2,b3,b4,05 LT
subjectto (1) =1, (4.14)
(1) =0,

r(rp) =d(1,),p=1,2,... M

In this approach, we enforce the displacement constraints r(7,) = d., exactly, ensuring that
the trajectory intersects the observed points at specified normalized times 7,. The number of

these observed points is denoted by M. By incorporating these constraints, we aim to capture
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the essential characteristics of user-performed gesture trajectories. We select d,, We have the
flexibility to select the value of d, in different ways. Since this represents a predicted value,
it is determined as d,, using the mean value obtained from empirical data. This value was
calculated from the aggregated data across all users with the aim to make this model user

independent.

Similar to the previous model, our optimization criterion is to minimize the deviations
r(7%) — d,, with 7, chosen based on empirical data. Here, we also remove the overshoot
constraint, unlike in Equation 4.13, as some trajectories in the data may overshoot on certain
occasions; this provides leniency and allows the model to better fit the empirical observations.
By including both the displacement constraints and minimizing the deviations, we strive to
capture the essential characteristics of the trajectory while permitting slight adjustments to
fit the data more accurately. The final position and velocity constraints ensure the trajectory
reaches the intended endpoint smoothly. In this model, the mean displacement values of
the trajectories are used for d,, while d,, values are computed by averaging aggregated data
across all users. This approach aims to create a user-independent model. We denote this

model as $g.

This optimization problem is solved using Python’s cvxpy library’s default solver, employing
quadratic programming techniques similar to the previous model. To achieve a solution with
lower complexity, we aim to maintain a balance between performance and computational
simplicity. Specifically, we wanted to keep N = 1 and M = 1, if feasible. Moreover, to
enhance the responsiveness of the trajectory prediction, it is critical to minimize the value of
Tk Since our objective is to anticipate the trajectory before reaching its midpoint, we restrict

our exploration to the solution space where 75, < 50%.

Figure 4.6a shows the average RMSE per user for the model ®¢. The model’s performance
is limited due to several contributing factors. Although the trajectory was computed using
the mean displacement, the z, y, and z axes exhibited distinct characteristics, indicating that
applying the same coefficients across all axes may not effectively capture movement patterns.

Additionally, the d,, values were selected without considering the initial movement phase of
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the gesture, causing the latter part of the predicted trajectory to fail to reflect the characteristics

of the initial phase.

To address these issues, we propose a refined model, denoted as ®¢,. This model calculates

d,, separately for each axis, allowing individual coefficients to be derived for generating

Tk

corresponding trajectories along the z, y, and z axes. Additionally, it employs an adjusted

d,. value based on d, to improve alignment with the initial movement phase using the

Tk

Equation 4.15. Note that /14, , 04,, and o4, are calculated with aggregated data across all

P

users.

A= (dy, — pa,,)/0a.,, p=M

d, =dy +Xog,, k=12 N

(4.15)

Finally, the model uses M >= 1 for enhanced prediction accuracy. We formulate the
optimization problem for &, as in Equation 4.16. Note that we incorporate the d, constraints

into the optimization formula for M > 1 to avoid over-constraining the problem

N M-1
arg min Z (r(7e) — d’Tk)2 + Z (r(mp) — dTp)2
b2,b3,b4,5 T p=1
subjectto  7(1) =1, (4.16)
(1) =0,

r(mp) =d(n), p=M

Furthermore, we observed that on some occasions, users tend to overshoot the target location
during the trajectory for a particular axis. In order to address this, we slightly modify the
Equation, by adding an extra condition. Which is if d(7,) > 1 when p = M, we add an extra
part to the optimization criteria which is d(7,)/dt = 0 which ensures that it is the maximum
overshoot. This tries to follow the user’s behavior of trying to correct the trajectory in case of

an overshoot.

Furthermore, we observed that users occasionally overshoot the target location along specific

axes during the trajectory. To address this, we introduced a slight modification to the equation
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by adding an extra condition. If d(7,) > 1 when p = M, we include an additional term in the
optimization criterion:
d

Zd(r) =0 4.17)

This condition ensures that the maximum overshoot is recognized, encouraging the model
to adjust accordingly. By incorporating this term, the model aims to replicate user behavior,

reflecting how users naturally correct their trajectories after an overshoot.

4.5.1 Model selection

Figure 4.6 shows the RMSE values for the & and ®¢, models across different 7 and p values.
We observed that ¢}, consistently achieved lower RMSE values than @ for models with
higher p values. For p >= 30, models @¢ ;. 70> PG pio,m0» ANd P sy 7, achieved RMSE
values of 1.03 cm, 0.93 cm, and 1.10 cm, respectively. In contrast, the corresponding P/,

and P achieving RMSE values

G,p50,T80

/

models outperformed these, with &, &

of 0.95 cm, 0.70 cm, and 0.56 cm, respectively. We denote the best-performing ®¢, models for
specific p values as O, . For example, the best-performing model for p = 30, which indicates

that the trajectory is predicted after 30% of the gesture is completed, is denoted by @, .

These results indicate that ®¢, models can predict the trajectory more accurately when a
higher percentage of the trajectory is completed. However, for early trajectory prediction, it is

desirable for the p value to be smaller enabling earlier predictions.

4.6 Results

In this section, we evaluate the models ®;; and ®f, quantitatively. We show that our final user-
specific empirically modified minimum jerk model (®;;) achieves an average improvement of
83.80% in approximating user-specific trajectories compared to the traditional MJM for all

20 users. Similarly, ®7; reduces the RMSE by an average of 16.95% across all gestures.

We also demonstrate that our final gesture-specific empirically modified minimum jerk models

(Pf,) outperform MJM in predicting trajectories once the gesture has started. These models
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FIGURE 4.6: A comparison of RMSE for Minimum Jerk Model and a) ¢,

b) &, models with different configurations.
reduce the average RMSE for all 20 users by 78.17%, 72.46%, and 62.70% for @;;50,

and ¢, , respectively.
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Finally, to evaluate the generalizability and applicability of our models to new users, we
perform quantitative testing with an external dataset. Results show that ®;; improves the
approximation of user-specific trajectories by 73.85% on average compared to the traditional
MIJM. It also reduces the RMSE by an average of 11.80% across all gestures. Additionally,
the &7, model achieves a 77.29% average RMSE reduction across all users, demonstrating

performance comparable to that observed with our initial dataset.

4.6.1 ®;; Model Evaluation

Figure 4.7a illustrates how well MIM and ®y -, ., approximate the user’s average trajectory.
Across all users, it is evident that the ., ., model consistently achieves better approxima-
tions compared to the standard MJM. The normalized error data shows substantial reductions
in error when using the ®y; ., ,, model. For example, User 1 experienced one of the most
significant reductions, with the RMSE decreasing from 3.40 cm to 0.16 cm, representing a
reduction of approximately 94.53%. Conversely, the smallest improvement was observed for
User 9, where the RMSE decreased from 2.26 cm to 1.20, a reduction of 46.51%. These res-
ults highlight the effectiveness of the @y ., ., model over the traditional MJM for modelling

users’ approximate trajectories for reaching movements.

Figure 4.7b shows the RMSE values calculated for all gestures by each user with the models
MJM and @y, ,,- The mean RMSE for each user generally decreases when employing
the ®y, -y, ., model compared to the MIM. For example, User 18’s mean RMSE decreased
from 3.58 cm with the MIM to 2.02 cm with the ®y;,, ,, model, indicating a reduction of
approximately 43.37%. This reduction represents the highest improvement observed among
users. However, we see a slight increase in error for User 4. User 4 experienced an increase
in mean RMSE, from 2.90 cm with the MIM to 2.92 m with the @ ., ., model, reflecting a
0.75% increase in error. Furthermore, Users 6, 10, and 11 only show a slight improvement for

the @ ., ,, model.

The substantial reductions in RMSE for several users suggest that incorporating additional

constraints enhances the model’s ability to closely match actual user trajectories. While
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this improvement is effective for approximating the user’s average trajectories, it does not
address the underlying issues of gesture consistency across different movements. The lower
performance observed for Users 4, 6, 10, and 11 for model ®y; ., ,, indicates a high variance
in how these users perform gestures, making it more challenging for the model to achieve
precise predictions. Conversely, for users where the RMSE was significantly reduced, the

lower variance in their gestures allowed the model to more accurately approximate their

trajectories.

4.6.2 d;; Model User Coefficients

User b2 bg b4 b5
0 |29126| -0.6564 | -2.4251 | 1.1689
1 1.5330 | 2.9258 | -5.4505 | 1.9918
2 | 3.3508 | -2.0836 | -0.8851 | 0.6180
3 129697 | -1.9451 |-0.0188 | -0.0057
4 | 1.2531 3.7228 | -6.2050 | 2.2291
S 39183 | -4.7736 | 2.7925 | -0.9371
6 |1.9450 1.7377 | -4.3105 | 1.6278
7 133800 | 0.4625|-6.0922 | 3.2406
8 143240 | -5.9492 | 3.9264 | -1.3012
9 |2.1052 1.7784 | -4.8725 | 1.9889
10 | 1.9178 1.8170 | -4.3873 | 1.6526
11 25939 | -0.9795 | -0.8227 | 0.2083
12 [2.8687 | -1.0978 | -1.4104 | 0.6396
13 | 1.0037 3.6484 | -5.3078 | 1.6557
14 |3.1470 | -0.7026 | -3.0358 | 1.5914
15 [4.2294| -4.3106| 0.9330 | 0.1482
16 |[4.2609 | -4.9409 | 2.0991 | -0.4191
17 |2.4419 1.2884 | -4.9026 | 2.1723
18 |5.7940 | -10.2429 | 8.1036 | -2.6548
19 [4.3063 | -4.7369 | 1.5551 | -0.1244

TABLE 4.1: Table showing bs, b3, b4, and b5 values for each user.

Table 4.1 presents the ®7; coefficients for all 20 users and Table 4.2 provides a statistical

overview of these coefficients. Implications and our observations of these coefficients are

discussed further in Section 4.8.1.
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Coefficient | Mean Std Min Max
b 3.0132 | 1.2200 1.0037 | 5.7941
b3 -1.2519 | 3.6670 | -10.2429 | 3.7228
by -1.5358 | 3.8869 | -6.2050 | 8.1036
bs 0.7745 | 1.4291 | -2.6548 | 3.2406

TABLE 4.2: Mean, standard deviation, minimum, and maximum values for
each coefficient.

4.6.3 @/, Model Evaluation

Figure 4.8a shows the average RMSE computed for all gestures by each user when applying
the MJM and three variants of the ®¢, models. The mean RMSE across all users consistently
decreases for the 7, models, with ®¢,_ being the most accurate. This indicates that the
predicted trajectory becomes more accurate as a larger portion of the gesture is completed. The
®7,., model achieves a maximum RMSE reduction of 86.64% for User 15 and a minimum
reduction of 69.17% for User 12, highlighting its effectiveness in improving trajectory

prediction across different users.

Figure 4.8b shows the average RMSE computed for all users against the normalized time.
For all ®¢, models, the error increases between the p value and the end of the gesture. This
increase is smallest for the ¢ model, while it is more pronounced for the g, model. The
results highlight that while the &7, model achieves relatively low prediction error, it has

room to improve as errors gradually accumulate toward the latter part of the gesture.

Figure 4.9 shows a reaching gesture performed by a particular user (User 0) toward a target
in the xz-plane, with no intended displacement in the vertical (y) direction. However, the
user slightly overshoots in the y-axis. As depicted in Figure 4.9a, the MJM model fails to
account for this deviation, while the ®7, model better handles the overshoot. Figure 4.9b
illustrates that the RMSE of the MJM model is significantly higher than that of the ®, models,
with @ providing the most accurate prediction among all evaluated models. Additionally,
Figure 4.9¢ presents a 3D plot of the trajectory, clearly showing the overshoot in the vertical
direction and Figure 4.1(c) shows the same gesture, but with non-uniform scales on axes to

highlight the deviation in the vertical direction.
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FIGURE 4.9: A comparison of Minimum Jerk Model and ®¢, models for
one gesture of a user a) comparing displacement, b) comparing the RMSE of
displacement, and c¢) showing 3D trajectory.

4.6.4 Verification of the Models with a New Dataset

To ensure the generalizability of our models, we tested them using a publicly available third-
party dataset by Clarence et al. [27]. The dataset consists of reaching movements recorded
from 11 users using a VR headset. For more details about the dataset, we refer readers to[27].
We preprocessed this dataset following the approach described in Section 3.2 and evaluated

the performance of ®;; and ®¢, models.

Figure 4.10a compares the RMSE values between the MIM and ®7;, indicating that ®7; better
approximates the normalized trajectory, achieving a 73.85% average RMSE reduction across
all users. Similarly, Figure 4.10b shows the average RMSE values computed for all gestures

by each user, demonstrating that ®7; outperforms the MJM, with an average RMSE reduction
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of 11.80% across all users. Consistent with the previous dataset, we observe significant

variability in how users perform gestures, which is not fully captured by the ®;; model.

4.6.5 ®;; Model User Coefficients for New Dataset

User b2 bg b4 b5
1 |4.222993 | -3.464049 | -0.740880 | 0.981936
2 | 2.780025 | 1.824596 | -6.989267 | 3.384646
3 | 5.547745 | -8.409852 | 5.176468 | -1.314362
4 | 5.123608 | -6.301496 | 2.232168 | -0.054280
5 3.803284 | -5.165832 | 3.921813 | -1.559264
6 |4.035231 | -4.215177 | 1.324661 | -0.144715
7 | 3.181949 | -1.769844 | -1.006160 | 0.594055
8 12961736 | 0.837590 | -5.560390 | 2.761063
9 |3.746464 | -2.004458 | -2.230475 | 1.488470
10 |3.491412 | -1.105892 | -3.262453 | 1.876933
11 | 4.716337 | -5.253809 | 1.358608 | 0.178864

TABLE 4.3: Table showing b, b3, by, and b5 values for each user for the new dataset.

Coefficient | Mean Std Min | Max
by 3.9646 | 0.8835 | 2.7800 | 5.5477
b -3.1844 | 3.0879 | -8.4099 | 1.8246
by -0.5251 | 3.8036 | -6.9893 | 5.1765
bs 0.7449 | 1.5571 | -1.5593 | 3.3846

TABLE 4.4: Mean, standard deviation, minimum, and maximum values for
each coefficient for the new dataset.

Table 4.3 presents the ®;; coefficients for each user in this new dataset. Among these users,

User 2 exhibits the slowest initial acceleration with a coefficient of 2.78, while User 3

demonstrates the highest at 5.55. These values align with the user coefficient range reported

in Table 4.1, indicating that the normalized trajectories remain comparable despite being

collected under different experimental conditions.

Table 4.4 provides a statistical overview of these coefficients. A Welch’s t-test was conducted

using Table 4.2 and Table 4.4 to compare the two distributions, yielding p-values of 0.02,

0.13, 0.49, and 0.96 for the four comparisons of by, bs, b4, and b5 coefficients respectively.

Although the t-test value of by coefficient falls below the conventional 0.05 threshold, the
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other three are notably higher. Therefore, the overall differences between these datasets are
not pronounced, as any potential disparity in one measure is offset by the non-significance of

the others.

Similar to the evaluation of ®};, we assessed the performance of our ®¢, models using the
new dataset. As shown in Figure 4.10a, which compares the average RMSE computed for
all gestures by each user when applying the MJM and three variants of the ®¢, models,

G, €merges as the most accurate, achieving an average RMSE reduction of 77.29% across
all users. The highest reduction is observed for User 9 with 82.87%, while the minimum
reduction is 72.26% for User 11. Figure 4.8b shows the average RMSE computed for all users
against the normalized time for this dataset. The performance trends of the ®7, models closely
resemble those observed in the previous dataset, as illustrated in Figure 4.8b. These results
demonstrate that even with new users and in different environments, our models perform

reliably well for reaching movements.

4.7 Trajectory Synthesis

In this section, we show how our models are utilized to synthesize user-specific hand tra-
jectories for different reaching movements. Our approach not only generates trajectories
for different movements but can also synthesize multiple plausible variations for the same

movement, allowing repetitive actions to exhibit slight differences.

As shown in Figure 4.4d, the normalized trajectories for each user are different. These unique
variations are captured by the corresponding d,, values, and the distribution of values for
k = 40,70 is shown in Figure 4.12a. To generate a trajectory, we choose a € [—1,1] C R,
where « is any real number between —1 and 1. The trajectory is then generated by utilizing
the model ®7; through solving Equation 4.13, where d;, = pq4, + aoq, for each user. Similar
to the classical MJM, the trajectories synthesized by this technique produce a straight line.
However, as shown in Figure 4.9, some observed trajectories are curved in the vertical (y)
direction. To address this, we solve for the y direction separately using Equation 4.16, where

dr, = fta,, + Badm and § € [0,1] C R, to account for overshoots. Each different value of
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« and [ produces a unique trajectory, allowing this technique to generate numerous distinct

trajectories. This enables applications to introduce natural variation across repetitions, where

the difference between trajectories is proportional to the difference between the o and

values used. Figure 4.12b shows synthesized trajectories for an existing user and a fabricated

new user, where o = [ is used to generate the trajectories.

In addition to generating trajectories for known users, it is also possible to fabricate new,

unseen users. To enable this, we first calculate the distribution of the mean and standard
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deviation across all 20 users for [, and Od,, s which we denote as uu‘d% , aH;Tk, /Lg‘d%, and

Og,

0r, respectively. Using these population-level statistics, new user profiles can be generated

by selecting & and 3 within the range [—1, 1], and setting:

new

M = s, + GO, (4.18)

05 = gy, Bao‘d% (4.19)

By varying & and /3 within the defined range, a wide range of plausible trajectories for new,

unseen user profiles can be synthesized.

4.8 Discussion

In this paper, we demonstrated that for reaching gestures in VR environments, classical MIM
and MSM models exhibit significant errors when predicting users’ point-to-point reaching
movements. To address this limitation, we proposed a user-specific empirically modified
minimum jerk model, which approximates users’ likely trajectories based on empirical data.
Additionally, we observed that some users display high variance in performing gestures,
prompting the development of a gesture-specific empirically modified minimum jerk model,
which accurately predicts the trajectory even when the gesture is only partially completed.
Our results show that these models outperform the traditional MJM and achieve comparable
performance on a new dataset with different users. Furthermore, the proposed models are
mathematically derived, transparent, and computationally efficient, making them suitable

alternatives to deep learning approaches for predictive systems.

In this section, we begin by discussing the results obtained from our study and the observations
derived from their analysis. Finally, we explore the implications of the proposed system, its

limitations, and potential directions for future research.
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Coefficient ba b3 b4 bs
by 1.0000 | -0.9700 | 0.8886 | -0.7817
b -0.9700 | 1.0000 | -0.9735 | 0.9098
by 0.8886 | -0.9735 | 1.0000 | -0.9807
bs -0.7817 | 0.9098 | -0.9807 | 1.0000

TABLE 4.5: Correlation matrix of the coefficients.

4.8.1 Effect of the coefficients in the ®;; Model

In the ®;; model, the normalized trajectory for each user is determined by four coefficients, o,
bs, by, and b5, where each coefficient plays a role in shaping different phases of the movement.
The coefficient by affects the initial acceleration, where higher values lead to a steeper onset.
The coefficient b3 shapes the curvature during the early to mid-phase, and its variability
reflects users’ differing strategies in building up momentum. The coefficient b, contributes to
deceleration, with negative values indicating a slowing down as the movement progresses.
The coefficient b5 impacts the smoothing of the trajectory towards the target, with positive
values facilitating a gentle approach. The combined effect of these coefficients results in
individualized movement profiles, reflecting the unique motor control characteristics of each

user.

Table 4.1 shows the ®;; coefficients for each user, while Table 4.2 provides a summary of
their statistical measures. The coefficient b, ranges from 1.00 to 5.79, with a mean of 3.01
(SD = 1.22), indicating moderate variability among users in the initial acceleration phase of
the trajectory. In contrast, b3 exhibits higher variability, extending from -10.24 to 3.72 with a
mean of -1.25 (SD = 3.67), suggesting significant differences in the curvature during the early
to mid-phase of movement among users. Similarly, b, displays substantial variability with
values between -6.21 and 8.10 and a mean of -1.53 (SD = 3.89), reflecting a general tendency
towards deceleration in the mid to late phases of the trajectory. The coefficient b5 ranges from
-2.65 to 3.24 with a mean of 0.77 (SD = 1.43), indicating relatively lower variability and a

consistent contribution to smoothing the trajectory towards the target.

Table 4.5 shows the correlations between these coefficients, revealing notable relationships that

influence the trajectory’s shape. Consecutive coefficients exhibit strong negative correlations,
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the differences in how these two users perform reaching gestures on average.
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FIGURE 4.14: The movement profiles for Users 13 and 18, illustrating the
effect of the by, bo, b3, and b, coefficients on displacement, velocity, and
acceleration. For User 13, these effects are shown in plots a), c), and e), and
for User 18, in plots b), d), and f), respectively.

such as by with b3 (r = -0.97), b3 with by (r = -0.97), and b, with b5 (r = -0.98). These
relationships indicate that increases in one coefficient are generally balanced by decreases in

the subsequent coefficient. This pattern of alternating correlations suggests that compensatory
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mechanisms in motor control adjust the coefficients to maintain smoothness and efficiency in

the trajectory.

Identifying users with extreme coefficient values provides insight into individualized move-
ment strategies. User 18, with the highest b, value of 5.79, exhibits a trajectory characterized
by rapid initial acceleration, suggesting a propensity for quick movement initiation. In con-
trast, User 13 has the lowest by value of 1.00, potentially indicating a slower start or initial

deceleration, depending on the interplay with other coefficients.

Figure 4.13 illustrates the movement profiles for Users 13 and 18. In the displacement profiles
shown in Figure 4.13(a), User 18 exhibits a steeper initial displacement gain compared to User
13. This trend is also evident in the velocity and acceleration profiles, shown in Figures 4.13(b)
and (c), respectively. User 18 demonstrates a higher acceleration phase, reaching peak velocity
earlier than User 13. In contrast, User 13, while slower in the initial phase, achieves a higher

peak velocity than User 18 and displays a shorter deceleration phase.

Figure 4.14 highlights how distinct coefficient values influence different phases of the tra-
jectories. User 13 has by, by, b3, by coefficients as 1.00, 3.65, —5.31, 1.66, while User 18’s
coefficients are 5.79, —10.24, 8.10, —2.66, respectively. The higher value of b, for User 18
clearly contributes to their steeper initial displacement, as well as their initial velocity and
acceleration profiles. However, as time progresses, the influence of the higher-order coef-
ficients becomes more prominent due to their multiplication with higher powers of time.
This example demonstrates how variations in coefficient values effectively capture users’

individual movement patterns.

4.8.2 Limitations and Future Work

Predictive models are crucial in VR systems for anticipating future user interactions. For
example, they can predict when a user is likely to interact with a virtual object, allowing
the system to pre-render graphics and reduce system delays [138]. They also have potential
applications such as haptic retargeting, as shown by Clarence et al. [27], who demonstrated

that predictive models for reaching movements can be applied to haptic retargeting, where
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the user’s real and virtual hands are decoupled, enabling a single physical object to provide
haptic feedback for multiple virtual objects. Therefore, having simple yet accurate predictive
models, such as those proposed in this paper, is important, as they can be easily deployed on

resource-constrained devices such as VR headsets.

It is important to note that these models were evaluated only for aimed hand movements,
primarily consisting of voluntary ballistic movements. We did not test them on complex
movements involving sudden changes in direction or sequences of multiple point-to-point

movements, and such cases were filtered out during data preprocessing.

Our models were trained and tested on reaching movements where users extend their arms
primarily along the sagittal plane, which divides the body into left and right halves, represent-
ing forward motion. However, users can also perform other point-to-point movements, such as
retracting their hands backward or moving their hands in vertical or horizontal directions. The
methodology used to develop our predictive models has no inherent limitations preventing its
application to these other types of movements. However, this requires further exploration to

validate its effectiveness.

We developed and evaluated our models using datasets collected in a VR environment, with
data captured through a VR headset. However, our models are not fundamentally limited to
VR-based movements or VR headset data. We believe that our methodology can be applied
to any 3D coordinate capture system, including motion capture setups and sensor-based tech-
nologies. It could also be extended to non-VR environments such as augmented reality (AR),
mixed reality (XR), or real-world applications. In addition, predicting hand motion is essential
for anticipating human actions, enabling safer and more In addition, predicting hand motion
is essential for anticipating human actions, enabling safer and more efficient human-robot
collaborative environments [54, 19, 190]. Furthermore, it has applications in rehabilitation [7]
and in generating realistic human avatars for various interactive applications [180]. This
adaptability opens up diverse possibilities for implementation across various platforms and

use cases, though it requires further investigation in these different contexts.
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4.9 Conclusion

In this paper, we introduced novel user-specific and gesture-specific empirically modified
minimum jerk models to predict hand trajectories for reaching movements in VR environments.
The user-specific model approximates a user’s average trajectory based on empirical data,
while the gesture-specific model predicts the trajectory when the gesture is partially completed,
offering higher accuracy by accounting for gesture-specific variations. We developed and
evaluated these models using a dataset containing over 2000 reaching gestures from 20
users. Additionally, we validated our approach using a third-party dataset with 11 users,
demonstrating that the models generalize well across different datasets. Our predictive models
are useful in VR applications for tasks such as pre-rendering graphics and enabling haptic
retargeting. While this paper focuses exclusively on reaching gestures in VR, we believe
extending this work to other point-to-point movements and application domains presents a

promising direction for future research.



CHAPTER 5

Discussion and Conclusion

This final chapter reflects on the main findings of this thesis. It begins by discussing the
user study and dataset, addressing its limitations and offering additional insights not covered
in earlier chapters. The chapter revisits the research questions initially proposed and ex-
amines how each has been addressed in Chapters 2, 3, and 4. Furthermore, it explores
the contributions, implications, potential applications, limitations, and directions for future
research. Finally, the chapter concludes with a brief summary of the thesis, emphasizing its

key contributions and insights.

5.1 User Study Dataset

In Chapter 3, we described the user study conducted to collect a comprehensive hand motion
dataset in VR across four distinct applications. In this section, we provide a detailed explora-
tion of the dataset, highlighting its limitations and offering our insights into how different

attributes of the dataset relate to the predictive models.

5.1.1 Demographic and Physical Attributes

Table 5.1 shows the demographic and physical information for the 20 participants in the
dataset. Among the participants only 7 (35%) were female and the other 13 (65%) were male
with shows a considerable skew towards male participants in the gender distribution. This
imbalance suggests that male and female participants are not equally represented, which may
limit the ability to generalize findings across genders. Among all the participants, only 1 (5%)

was left-handed, while the remaining 19 (95%) were right-handed. Although this left-handed
107
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User | Gender | Dominant | Age | Height | Weight | BMI | VR Usage
Hand (cm) (kg) (Num times)

0 Male Left 39 188 84 23.77 2-5
1 Male Right 21 181 75 22.89 5-10
2 Male Right 21 193 99 26.58 1

3 Male Right 21 182 70 21.13 1
4 Male Right 21 190 78 21.61 2-5
5 Male Right 25 172 63 21.30 5-10
6 Male Right 21 186 70 20.23 5-10
7 Female Right 33 160 45 17.58 0

8 Male Right 18 178 70 22.09 2-5
9 Male Right 26 181 80 24.42 5-10
10 Male Right 22 173 78 26.06 2-5
11 Male Right 19 181 88 26.86 2-5
12 Male Right 18 170 60 20.76 2-5
13 Male Right 18 185 67 19.58 5-10
14 | Female Right 18 167 53 19.00 2-5
15 | Female Right 18 163 51 19.20 2-5
16 | Female Right 22 157 78 31.64 0
17 | Female Right 23 160 60 23.44 5-10
18 | Female Right 22 155 43 17.90 0
19 | Female Right 22 162 58 22.10 0

Mean 224 | 174.2 68.5 |22.41
Std 5.3 | 11.58 | 14.21 | 3.37

TABLE 5.1: Demographic details, BMI, and VR usage patterns for users,
including the mean and standard deviation for age, height, weight, and BML.

participant was not treated differently in any of our models, the dataset’s heavy skew toward
right-handed participants limits its ability to fully recognize or analyze effects of the dominant

hand on movements.

The age range of participants spans from 18 to 39 years, with only 2 participants aged over
26 (33 and 39). This reflects a relatively narrow focus on young to early-middle-aged adults,
with a mean age of 22.4 years (SD = 5.13). Such a limited age distribution may restrict the
broader applicability of our findings to older populations, early teenagers, and children. With
this dataset, we are unable to comment on whether the movement characteristics of these

groups are different.

We calculated Body Mass Index (BMI) using participants’ height (mean = 174.2 cm, SD =
11.58 cm) and weight (mean = 68.5 kg, SD = 14.21 kg) values. The resulting BMI values
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(mean =22.41, SD = 3.37) were classified based on standards from the Australian Government
Department of Health and Aged Care '. The majority of participants (65%) fell within the
healthy weight range (BMI 18.5-25), reflecting a predominantly healthy-weight sample.
Smaller proportions were observed in other categories, with 2 (10%) participants classified as
underweight (BMI < 18.5), 3 (15%) as overweight (BMI 25-30), and only 1 (5%) as obese
(BMI > 30). This distribution may also affect the application of our findings to populations
with a broader BMI range. For example, according to 2022 statistics on the Australian
population [166], the BMI distribution among adults was 1.6% underweight, 31.6% healthy

weight, 34.0% overweight, and 31.7% obese, which is different from the dataset’s distribution.

In addition, we assessed VR usage among participants, with 8 (40%) reporting 2—5 instances
of use and 6 (30%) reporting 3—10 instances. Only 2 participants (10%) had used VR once,
while 4 (20%) were completely new to VR. This indicates that 80% of participants in this

dataset had prior experience with VR before this study.

5.1.2 Relationship with the User-Specific Models

In Chapter 4, we described the development of User-Specific Models (P;;) to represent
each user’s normalized trajectories for reaching movements. In this section, we examine
the relationships between users’ demographic and physical attributes and these models,

specifically focusing on the user coefficients listed in Table 4.2.

Attribute bg b3 b4 b5
Age 0.03{0.08 | -0.19 | 0.27
BMI -0.09 | 0.04 | 0.01 | -0.05

Gender (Numeric) |-0.57|0.42|-0.26| 0.11
VR Usage (Numeric) | -0.62 | 0.56 | -0.46 | 0.37

TABLE 5.2: Correlation coefficients for user attributes across b, b3, b4, and bs.

We initially hypothesized apparent relationships between users’ physical attributes, and the
four coefficients (b, b3, b4, b5). However, no direct relationships were identified. Table 5.2
presents the calculated Pearson correlation coefficients between age, BMI, gender, and VR

1https :/l'www.health.gov.au/topics/overweight-and-obesity/bmi-and-waist
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usage with these coefficients. For the calculations, gender was mapped as O for males and 1

for females, while VR usage was mapped to the mean of the corresponding usage range.

A higher by coefficient corresponds to a faster initial acceleration phase. Our analysis
indicates a moderate relationship between gender and b,, with a correlation coefficient of
-0.57. This suggests that male participants generally exhibited a faster initial acceleration
phase. A similar relationship was observed with b3, which influences the early to mid-phase
of the movement. This finding highlights an intriguing relationship, suggesting that reaching
movement characteristics vary by gender. However, due to the small sample size in the dataset,

no definitive conclusions can be drawn, and further investigation is required.

We also observed a strong correlation between VR usage and the b, coefficient. Interestingly,
this relationship is the inverse of what might have been expected. With a correlation coefficient
of -0.62, it suggests that participants with less VR experience exhibited a faster initial
acceleration phase. We are unable to hypothesize the reason for this observation, which

requires further investigation.

Surprisingly, no strong correlations were observed between age or BMI and the coefficients.
We initially hypothesized inverse relationships between age and BMI with bo, but this was not
the case. This outcome may be attributed to the lack of older and overweight participants in

the dataset.

5.2 Research Questions

In this section, we revisit the research questions and briefly discuss how they have been

addressed in this thesis.

RQ1 How can the limitations and challenges of existing hand motion prediction and analysis

approaches inform the development of effective solutions for VR applications?

Chapter 2, Sections 3.2 and 4.2 focused on the key techniques used for predicting and ana-

lyzing human hand motion, specifically within the context of VR. We discussed various
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approaches, including statistical methods such as template matching and Hidden Markov
Models (HMMs), as well as deep learning techniques like Long Short-Term Memory net-

works (LSTMs) that are commonly employed in hand prediction for VR environments.

Additionally, we explored hand motion prediction outside the VR context to gain a com-
prehensive understanding of the broader state of the art. This included methods such as
kinematic modeling, regression-based approaches, other Deep Neural Networks (DNNs), and
hybrid strategies like Physics-Informed Neural Networks (PINNs). Through these analyses,
we gained a deeper understanding of the respective strengths and weaknesses of different

prediction techniques across various domains.

However, we identified significant limitations in existing techniques when applied to hand mo-
tion prediction in VR. Statistical methods often struggle with generalizability in dynamic VR
environments, making it difficult to maintain accuracy across diverse scenarios and new users.
While deep learning methods are more accurate and generalizable due to their ability to learn
complex relationships from large motion datasets, they are also highly computationally intens-
ive. This computational demand poses challenges for deployment on resource-constrained
devices such as standalone VR headsets, where processing power and energy efficiency are

critical considerations.

RQ2 How can effective prediction frameworks be developed to address challenges such as

accuracy, computational efficiency, and interpretability?

To address the challenges of efficiency, and accuracy in hand motion prediction techniques
for VR, we developed and evaluated prediction methods that combine statistical approaches
with kinematics and empirical data. Our goal was to create simple, computationally efficient,
and interpretable prediction models that are easy to understand and deploy on real-world VR
devices. Throughout this thesis, we demonstrated how empirical observations from multiple
users and kinematic models can be integrated with traditional statistical methods to build

more effective prediction models.

In Chapter 3, we explored how kinematics-driven, empirical data-based regression models

can be developed for both structured and unstructured ballistic 3D hand movements in VR
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activities. We combined the well-known Minimum Jerk Model with regression models to

create both personalized user-specific models and generalized gesture-specific models.

In Chapter 4, we introduced a method that combines well-known kinematic models with
empirical observations from a user study to predict trajectories for reaching activities. We
demonstrated how the trajectory prediction task can be formulated as an optimization problem,

enabling a mathematical solution for accurate trajectory prediction.

The prediction models developed in this thesis are expressed as simple mathematical equa-
tions, aligning with our goal of creating computationally efficient and interpretable models.
Additionally, we thoroughly validated these models, demonstrating their effectiveness across

various scenarios.

RQ3 How can generalized hand motion models be developed to perform comparably to

personalized models?

To improve the generalizability of hand prediction techniques in VR, we aimed to develop
models that can be applied to new users, activities, and datasets without requiring extensive

modifications.

In Chapter 3, we introduced a user- and activity-independent model capable of continuously
predicting 3D hand trajectories in VR. We demonstrated that this model achieves performance
comparable to personalized models without the need for additional training phases. Its
effectiveness was further validated through a secondary user study involving new users and

activities in VR.

In Chapter 4, we developed a gesture-specific empirically modified Minimum Jerk Model,
designed to predict the trajectory of reaching movements based on the percentage of movement
completed. The methodology we used to develop this approach is user-agnostic, and we
successfully validated the model using a third-party dataset containing new users, confirming

its generalizability.
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5.3 Contributions

In this section of the thesis, we briefly outline its main contributions.

We conducted a user study with 20 participants, each performing four different VR activities
for a one-hour period, as discussed in Chapter 3. Each participant completed a structured
activity involving point-to-point movements and the other three activities consisted of playing
three commercially available VR games. We collected the activity data using multiple sensor
systems, including the OptiTrack motion capture system, an Oculus VR headset, and six IMU
units fitted on both arms of the participants. This dataset is highly detailed and informative,
unmatched by existing VR hand motion datasets, and holds significant potential for future

research.

To the best of the authors” knowledge, we developed the first user- and activity-independent
generalized 3D hand prediction model capable of continuously predicting a user’s hand
trajectory in Chapter 3. This model was created by combining empirical data and kinematic
principles with a classical regression approach. It does not require additional training phases
for new users or activities, making it adaptable and versatile. Furthermore, the model can
be expressed as a simple mathematical equation, and it is both computationally efficient
and easy to implement. We demonstrated that this model can predict hand positions with
sub-centimeter accuracy for prediction intervals under 200 cm. It achieves low RMSE values
of 0.80 cm, 0.85 cm, and 3.15 cm when predicting future hand positions at 100 ms, 200 ms,

and 300 ms ahead, respectively.

In Chapter 4, we demonstrated the development of empirically modified Minimum Jerk
Models by combining empirical observations with the traditional Minimum Jerk Model and
formulating the problem as an optimization task. We introduced a user-specific model that
approximates each user’s average trajectory and a user-agnostic gesture-specific model that
predicts the trajectory when the gesture is partially completed. Additionally, these models can
also be expressed as a simple mathematical equation. Our findings show that the user-specific
empirically modified model improves trajectory approximation by 83.8% and reduces RMSE

by 16.9% across all users and gestures compared to the baseline. Gesture-specific models
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reduce average RMSE across all users and gestures by 62.7% and 78.2% when predicting

trajectories after 30% and 50% of the gesture is completed, respectively.

5.4 Implications of Findings

Our predictive models, discussed in detail in Chapters 3 and 4, demonstrate the effectiveness
of combining traditional statistical methods with empirical data and motion kinematics. In
Chapter 3, we integrated classical regression techniques with kinematics by incorporating
motion derivatives directly into the regression process trained with empirical data. In Chapter
4, we extended the traditional Minimum Jerk Model by incorporating empirical observations
and reformulating the trajectory prediction problem as a mathematical optimization problem,
enabling trajectory formulation by solving the optimization problem. Both predictive models
indicate the potential to balance theoretical knowledge and real-world data, enabling the
development of accurate and computationally efficient predictive models. Since these models
can also be expressed as mathematical equations, they are straightforward to understand
and interpret. In Chapter 3, we developed a user- and activity-independent 3D trajectory
prediction model, applicable to new users and activities without requiring additional training
phases. Similarly, in Chapter 4, our gesture-specific models demonstrate applicability for new

users, highlighting their generalizability.

We hypothesize that the simplicity of our approach, which integrates mathematically driven
yet empirically calibrated motion models, makes it adaptable to a wide range of domains. The
well-established theoretical principles underlying the prediction model make it possible for
developers and researchers to easily tailor the equations and constraints to suit the specific
needs of various tasks and user populations. In contrast, deep learning models are highly
complex and often require an additional training phase for modifications. This adaptability
underscores the potential of our approach to contribute meaningfully to advancing motion

prediction across diverse applications.

Reflecting on our results, we found ourselves asking an important question about why our

models work and whether everyone follows a general movement pattern. Our findings support
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FIGURE 5.1: Potential applications: a) interactive storytelling, b) repair and
maintenance tasks, ¢) human-robot collaborative environments.

this idea, suggesting the existence of a universal structure underlying human hand motion
patterns. While individual users exhibit unique idiosyncrasies, this structure that governs the
majority of hand movements can be effectively captured by our prediction models. We believe
this explains why the generalized motion models achieve results comparable to personalized

models trained for each user.

5.5 Potential Applications

There are a growing number of applications for VR, including immersive games like adven-
ture or puzzle challenges, fitness programs such as guided yoga or virtual cardio sessions,
interactive workouts like boxing or dance routines, and simulations of real-world activities
such as driving, cooking, or medical training. However, hand motion prediction remains
underutilized in the current commercial VR landscape, limited primarily to pre-rendering
graphics to avoid system delays and haptic retargeting, where predictive models decouple a
user’s real and virtual hands, enabling a single physical object to provide haptic feedback for
multiple virtual objects. We believe that models like ours can not only enhance these existing

applications but have the potential to unlock a multitude of novel use cases.

We envision hand motion prediction to be helpful in enhancing accessibility for users with

motor impairments by compensating for motion irregularities when doing tasks in VR. Even in
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the presence of motor impairments such as tremors, involuntary movements and coordination
issues making it hard to perform smooth hand movements, and accurately predicting hand
trajectory, the VR device can still provide fluid interactions, allowing users to perform the

tasks with more confidence.

Similarly, we believe that our predictive models can be applied to interactive storytelling
and teaching tasks in VR. By anticipating hand movements and understanding the context,
the VR system can automatically generate visualizations to enhance engagement and make
the storytelling or teaching experience more immersive. Figure 5.1(a) illustrates the authors’
depiction of an interactive storytelling scenario, where the speaker’s hand actions are predicted
in advance and matched with the story’s context to create VR visualizations, such as a rainbow

in this example.

In addition, we see hand motion prediction as invaluable for real-world maintenance tasks in
mixed reality. For instance, when a non-expert user performs a delicate repair, the system
can predict the trajectory of their hand movement. If the predicted action risks damaging
a component or deviating from the correct procedure, it can provide real-time warnings or
corrective feedback. This can help reduce errors and enhance the user’s confidence while
performing the task. Figure 5.1(b) illustrates the authors’ depiction of the above scenario,

where a user is attempting to repair a computer with guidance provided by a VR application.

We also see our models being valuable beyond VR applications, particularly in human-
robot collaborative environments. In Chapter 4, we discussed the intra-user and inter-user
differences observed during reaching movements. If a robot were to perform reaching actions
uniformly, its movements would appear more "robotic" than human-like. The user-specific
models we developed could enable robots to replicate human-like movements, enhancing their
ability to act more naturally and even imitate the movements of specific users. Figure 5.1(c)
depicts a futuristic scenario where a robot performs human-like hand movements while giving

directions.
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5.6 Limitations and Future Work

This section discusses the limitations of the predictive models developed in this thesis and

explores potential directions for future research.

5.6.1 Scope of Movement Data Used in Predictive Models

The data collected in our user study primarily consisted of aimed hand movements, even
though it included both structured and unstructured movements in VR. For instance, in
pointing tasks, the movements involved reaching a target, while in VR games, they often
involved hitting or slashing a moving target. These aimed hand movements are largely
voluntary and ballistic in nature, which are characterized by their quick, direct nature, where
the hand moves toward a target with minimal trajectory adjustments, and the user does
not change their intended target during the movement. For example, in pointing tasks, the
movement involved reaching a target, or in other VR games, it involved hitting or slashing a

moving target.

Nevertheless, we believe that our predictive frameworks are not restricted to specific types of
movements and can be extended to others. These include involuntary hand motions influenced
by external factors or lacking deliberate intent. They also include steering movements,
where users continuously adjust the hand’s target location in real-time, such as during line
tracing. Additionally, movements performed while the user’s feet are in motion, such as
walking, jumping, or engaging in other dynamic activities, represent further opportunities for

exploration.

This belief is supported by the design of our model in Chapter 3, which does not rely on
underlying assumptions about the movement type. It uses only temporal positional data as
input, with all other parameters derived from it. The model in Chapter 4 is more restrictive,
and assumes point-to-point movements. However, we believe it can be extended beyond the
tested reaching movements to any point-to-point scenario. Exploring and evaluating these

models across various movement types would be an exciting direction for future research.



118 5 DISCUSSION AND CONCLUSION

We developed and evaluated these models for movements within a 3D VR environment.
However, our techniques are not theoretically limited to predicting hand movements in
VR alone. Since our approach utilizes 3D location data, we believe it can be extended to
other domains where 3D coordinate capture systems are employed. This includes non-VR
environments such as augmented reality, mixed reality, and real-world applications. Our
approach in developing these predictive models does not have any inherent constraints that
would prevent its applications to these other environments. Therefore, it allows for a broader
applicability of these models across various contexts. Exploring the models’ effectiveness

across these diverse scenarios presents an interesting direction for future research.

5.6.2 Extending Models Beyond Hand Motion

In this thesis, we focused on hand motion specifically and all our predictive models are based
on temporal hand position data. However, we have several interesting considerations for
potential extensions of our models. One possibility is adapting the proposed approach to
motion trajectories of other body locations, specifically for the model presented in Chapter 3.
For instance, incorporating the trajectories of the elbow and shoulder alongside the hand’s
trajectory could facilitate the development of a kinematic model for the entire arm. This
extension could explore whether distinct models are needed for each joint or whether a
universal model can effectively capture the trajectories of all joints. Additional extensions
could involve considering the motion trajectories of both arms or legs, allowing for the analysis
of coordinated limb movements and the potential development of models that account for

full-body kinematics.

Another possible direction involves extending the models to angular data. Similar to temporal
position data, these models could be applied to Euler angles or Quaternions to predict hand
orientation. This approach is relevant to both models. For instance, derivatives of angular
data could be incorporated into continuous prediction. Additionally, for reaching movements,
assumptions about starting and ending angular positions could be used to predict changes in

orientation along the movement trajectory.
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5.6.3 Predicting Motion Dynamics: Force and Momentum

Another potential research direction involves predicting velocity and acceleration. These can
either be obtained by calculating the time derivatives of the predicted positional data or by
modifying the models to directly predict these dynamic quantities. Predicting velocity and
acceleration offers the advantage of enabling the calculation of momentum and force if the
hand’s mass is known. For instance, in scenarios such as a user punching a target, momentum
and force information could enhance the realism of rendered interactions. Additionally,
applications could use this data to produce sound and haptic feedback proportional to the

force, creating a more immersive user experience.

5.6.4 Multi-Modal Sensor Fusion

Our models are currently limited to using positional data. However, it would be interesting to
explore how incorporating additional sensors could improve the accuracy and performance of
the models. For instance, Electromyography (EMG) could be used to detect muscle activation,
such as identifying the start of a movement. Another possibility is to incorporate head tracking

and gaze data into the prediction process.

Other potential sensors include Inertial Measurement Units (IMUs), which could directly
provide acceleration, angular velocity, and orientation data, and Galvanic Skin Response
(GSR) sensors, which measure skin conductance and could offer insights into the user’s
emotional or physiological states that influence motion patterns. Exploring a combination
of these sensors could open new possibilities for enhancing the predictive accuracy and

adaptability of the models across diverse applications.
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5.7 Conclusion

This thesis focused on developing computationally efficient, accurate, and generalizable
hand motion prediction models for activities in VR environments. We began by collect-
ing a comprehensive dataset of VR activities from 20 users, including both structured and
unstructured movements, using multiple sensor systems. We proposed the first user- and
activity-independent generalized 3D hand prediction model capable of continuously pre-
dicting a user’s hand trajectory through a hybrid classical-regressive kinematics approach.
Additionally, we introduced user- and gesture-specific empirically modified Minimum Jerk
Models to predict reaching hand trajectories by formulating trajectory prediction as an op-
timization problem. Our models were thoroughly evaluated and validated with new users,
activities, and datasets, demonstrating their generalizability. In conclusion, we believe this
thesis makes a significant contribution to Human-Computer Interaction, particularly in the
area of hand motion prediction. The techniques and models developed here lay a strong
foundation for future innovations in this field, especially in advancing immersive VR devices

and applications.
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Appendix A

In this appendix, we include the original documents used during the user study discussed in

Chapter 3. These documents include;

e Participant Information Statement
e Participant Consent form

e Background Information Sheet

e Task Questionnaire

e Post Study Questionnaire

e User Study Script
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APPENDIX A
A.1 Participant Information Statement
THE UNIVERSITY OF School of Computer Science
- a:a - SYDNEY Faculty of Engineering
ABN 15 211 513 464
Dr. Anusha Withana Room 309
Lecturer, School of Computer Science J12 Computer Science Building

The University of Sydney

NSW 2006 AUSTRALIA

Telephone: +61 2 8627 7056

Facsimile: +61 29351 3838

Email: anusha.withana@sydney.edu.au

Web: http://www.sydney.edu.au/
Arm Movement Modelling and Prediction
PARTICIPANT INFORMATION STATEMENT

(1) What is this study about?

You are invited to take part in a research study that investigates the use of a movement sensing and
tracking systems for arm movement modelling and prediction. Physical movement sensing technologies
are used to track human activities and used in variety of applications such as wellbeing (e.g. your fitness
app), healthcare (e.g. rehabilitation), age care, etc. In this study, we will explore how new a sensing and
tracking systems can be used for modelling arm movement. The aim is to gain further understanding into
how well arm movements can be modelled and predicted, and how consistently it can work with
individual differences between people.

You have been invited to participate in this study to take part in a user study and provide information on
your experience. This Participant Information Statement tells you about the research study. Knowing
what is involved will help you decide if you want to take part in the research. Please read this sheet
carefully and ask questions about anything that you don’t understand or want to know more about.
Participation in this research study is voluntary.

By giving your consent to take part in this study you are telling us that you:
v"Understand what you have read.

v Agree to take part in the research study as outlined below.

v' Agree to the use of your personal information as described.

You will be given a copy of this Participant Information Statement to keep.
(2) Who is running the study?
The study is being carried out by the following researchers:
e Dr. Anusha Withana (Lecturer), The School of Computer Science

e Nisal Menuka (PhD Student), The School of Computer Science

The study that is being conducted will form the basis for research papers in the area of wearable
computing and human computer interaction.

Arm Movement Modelling and Prediction
Version 1.0 — 18/Jan/21 Page 1 of 4
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(3) What will the study involve for me?

You will be asked to wear number of sensors in your body to collect data about your arms movements
and complete four activities while wearing a Virtual Reality (VR) headset. The tasks will include four VR
games and activities which include several physical tasks including moving your arms and legs. This will
allow us to record your movements during the activity and build an arm movement model with the
recorded data. Some other technologies such as smartphone may be used to assist the study. A brief
interview will take place after you have used the sensing applications to obtain feedback on your
experience. Study will be audio and video recorded. These recordings will be used to document
information only and will not be shared or published in any form. Some demographic and
anthropometric information will also be asked including age, weight, height and arm length.

Personal information will not be shared or published in any form.

(4) How much of my time will the study take?

The study will take up to 60 minutes to complete. Trialling the technology will take up to 10 minutes.
And post interview discussion will take up to 10 minutes. One of the researchers will explain the
purpose of the study and the questions and will coordinate the discussion.

(5) Who can take part in the study?
Anyone that is 18 years or older, healthy and injury-free are welcome to participate.
(6) Do I have to be in the study? Can | withdraw from the study once I've started?

Being in this study is completely voluntary and you do not have to take part. Your decision whether to
participate will not affect your current or future relationship with the researchers or anyone else at
the University of Sydney.

If you decide to take part in the study and then change your mind later, you are free to withdraw at
any time. You can do this by informing the researcher carrying out the study that you no longer wish
to participate.

You are free to stop the experiment or discussion at any time. Unless you say that you want us to keep
them, any recordings will be erased and the information you have provided will not be included in the
study results. You may also refuse to answer any questions that you do not wish to answer during the
interview.

You are free to opt out from audio/video recordings of the study.

(7) Are there any risks or costs associated with being in the study?

Our system is built with skin friendly adhesives. It is documented that potential exists for people to
experience allergies to these materials. Not everyone experiences this, but if you experience any
discomfort or develop any symptoms, you can quit the study at any time. Furthermore, if you are aware
of any allergies to above materials, you should not engage in this study

It is well documented that potential exists for people to experience motion sickness while wearing a
head mounted display to view a virtual information. Not everyone experiences this, but if it does occur
you may have a break at any time and quit the study.

Wearable Sensors for Bodily Movement Sensing and Prediction
Version 2.0 — 18/July/19 Page 2 of 4



Otherwise, aside from giving up your time, we do not expect that there will be any risks or costs
associated with taking part in this study. However, if you feel any discomfort or fatigue during the
study, you are free to stop the study or request for a break. You can do this by informing the researcher
carrying out the study that you no longer wish to participate.

(8) Are there any benefits associated with being in the study?
We cannot guarantee that you will receive any direct benefits from being in the study.

(9) What will happen to information about me that is collected during the study?
Some personal information will be asked of you, for example age group, gender, and some
anthropometric information (weigh, height, etc.).

Video and audio recordings will be used for interpretation and analysis only. A transcription service
may be employed to transcribe interviews; however, your personal information will be kept
confidential.

All the information will be stored without reference to identifiable information such as your name.

All aspects of the study, including the results, will be strictly confidential and only the researchers will
have access to information on participants. The results of the study will be published in student theses,
journal publications and conference papers. Material collected in the course of the research will be
kept stored securely in an online storage managed by The University of Sydney.

By providing your consent, you are agreeing to us collecting personal information about you for the
purposes of this research study. Your information will only be used for the purposes outlined in this
Participant Information Statement, unless you consent otherwise.

Your information will be stored securely, and your identity/information will be kept strictly
confidential, except as required by law. Study findings may be published, but you will not be
individually identifiable in these publications.

We will keep the information we collect for this study, and we may use it in future projects. By
providing your consent you are allowing us to use your information in future projects. We don’t know
at this stage what these other projects will involve. We will seek ethical approval before using the
information in these future projects.

(10) Can | tell other people about the study?
Yes, you are welcome to tell other people about the study.
(11) What if I would like further information about the study?
When you have read this information, Dr. Anusha Withana will be available to discuss it with you

further and answer any questions you may have. If you would like to know more at any stage during
the study, please feel free to contact Nisal Menuka Gamage (email: nisal.gamage@sydney.edu.au,

mobile: [FRERED])-

(12) Will I be told the results of the study?

You have a right to receive feedback about the overall results of this study. You can tell us that you
wish to receive feedback by indicating on the participant consent form. This feedback will be in the
form of one-page summary. You will receive this feedback after the study is finished.

Wearable Sensors for Bodily Movement Sensing and Prediction
Version 2.0 — 18/July/19 Page 3 0of 4



(13) What if I have a complaint or any concerns about the study?

Research involving humans in Australia is reviewed by an independent group of people called a Human
Research Ethics Committee (HREC). The ethical aspects of this study have been approved by the HREC
of the University of Sydney 2019/553 As part of this process, we have agreed to carry out the study
according to the National Statement on Ethical Conduct in Human Research (2007). This statement has
been developed to protect people who agree to take part in research studies.

If you are concerned about the way this study is being conducted or you wish to make a complaint to
someone independent from the study, please contact the university using the details outlined below.
Please quote the study title and protocol number.

The Manager, Ethics Administration, University of Sydney:
e Telephone: +61 2 8627 8176
e Email: human.ethics@sydney.edu.au
e Fax:+612 8627 8177 (Facsimile)

This information sheet is for you to keep

Wearable Sensors for Bodily Movement Sensing and Prediction
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APPENDIX A

A.2 Participant Consent Form

M: o~ UNWERSE{ H School of Computer Science
. SYDN Y Faculty of Engineering

ABN 15 211 513 464

Dr. Anusha Withana Room 309
Lecturer, School of Computer Science 112 Computer Science Building

The University of Sydney

NSW 2006 AUSTRALIA

Telephone: +61 2 8627 7056
Facsimile: +61 29351 3838

Email: anusha.withana@sydney.edu.au
Web: http://www.sydney.edu.au/

Arm Movement Modelling and Prediction
PARTICIPANT CONSENT FORM

............................................................................. [PRINT NAME], agree to take part in this research study.

In giving my consent | state that:

| understand the purpose of the study, what | will be asked to do, and any risks/benefits involved.

| have read the Participant Information Statement and have been able to discuss my involvement in the
study with the researchers if | wished to do so.

The researchers have answered any questions that | had about the study and | am happy with the
answers.

| understand that being in this study is completely voluntary and | do not have to take part. My decision
whether to be in the study will not affect my relationship with the researchers or anyone else at the
University of Sydney now or in the future.

| understand that | can withdraw from the study at any time.

| understand that | may stop the interview at any time if | do not wish to continue, and that unless |
indicate otherwise any recordings will then be erased and the information provided will not be included
in the study. | also understand that | may refuse to answer any questions | don’t wish to answer.

| understand that personal information about me that is collected over the course of this project will
be stored securely and will only be used for purposes that | have agreed to. | understand that
information about me will only be told to others with my permission, except as required by law.

| understand that the results of this study may be published, and that publications will not contain my
name or any identifiable information about me.

As part of the study, audio, video and photograph recordings will be collected. These recording will not
include your face or any identifying material. If you wish to, you can opt-out from these recordings.

Arm Movement Modelling and Prediction
Version 1.0 — 18/Jan/21 Page 1 of 2
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| consent to:
e Audio-recording
e Video-recording
e Photographs

e Being contacted about future studies

| would like to review my interview transcripts

If you answered YES, please indicate your preferred form of feedback and address:

Postal:

ves [ ]
ves [ ]

ves[ ]
ves[ ]

ves [ ]

| would like to receive feedback about the overall results of this study YES :]

Email:

Arm Movement Modelling and Prediction
Version 1.0 — 18/Jan/21
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NO

NO
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A.3 Background Information Sheet

THE UNIVERSITY OF

SYDNEY

BACKGROUND INFORMATION SHEET

Project title: Arm Movement Modelling and Prediction

1. DOCUMENT SUMMARY

As part of the study, some background data will be recorded for comparison and analysis purposes. This
will include demographics data such as age (year only), gender, etc. Also, depending on the particular
study, some physiological information (e.g. height, length and measurements of limbs, etc.) will be
collected. All this information will be collected before the main quantitative study.

2. BACKGROUND DATA COLLECTED

Part I: Background Data

1. Age?
(Number of years only)

2. Gender identity?
(Male/Female/Other)

3. Have you used a VR headset before this experiment?
(never / 1 time/ 2-5 times / 5-10 times / more than 10 times/ Prefer not to answer)

Part 11: Anthropometric Data

e Height?
(Incm)

o Weight?
(In Kg)

e Length of arm?
(Incm)

e Dominant hand? (left/right)

Page 1 of 1
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A.4 Task Questionnaire

THE UNIVERSITY OF

SYDNEY

TASK QUESTIONNAIRE
Project title: Arm Movement Modelling and Prediction

Task 1

On a scale of 1-7, please indicate your experience regarding completed activity.

1 2 3 4 5 6
strongly neutral
disagree

7

strongly
agree

1 The activity was physically

demanding
2 The activity was mentally demanding
3 The activity contained many arm

movements in straight lines

4 The activity contained many arm
movements in curved lines

5 The activity contained fast

movements

6 The activity contained slow
movements

7 | am satisfied with how | completed
the activity

8 | enjoyed completing the activity

9 It was comfortable to wear the VR

headset during the activity

10 | It was comfortable to wear the
sensor setup during the activity

Page 1 of 4
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Task 2

On a scale of 1-7, please indicate your experience regarding completed activity.

1 4 7
strongly neutral strongly
disagree agree
1 The activity was physically
demanding
2 The activity was mentally demanding
3 The activity contained many arm
movements in straight lines
4 The activity contained many arm
movements in curved lines
5 The activity contained fast
movements
6 The activity contained slow
movements
7 | am satisfied with how | completed
the activity
8 | enjoyed completing the activity
9 It was comfortable to wear the VR
headset during the activity
10 | It was comfortable to wear the
sensor setup during the activity
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Task 3

On a scale of 1-7, please indicate your experience regarding completed activity.

1 4 7
strongly neutral strongly
disagree agree
1 The activity was physically
demanding
2 The activity was mentally demanding
3 The activity contained many arm
movements in straight lines
4 The activity contained many arm
movements in curved lines
5 The activity contained fast
movements
6 The activity contained slow
movements
7 | am satisfied with how | completed
the activity
8 | enjoyed completing the activity
9 It was comfortable to wear the VR
headset during the activity
10 | It was comfortable to wear the
sensor setup during the activity
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Task 4

On a scale of 1-7, please indicate your experience regarding completed activity.

1 4 7
strongly neutral strongly
disagree agree
1 The activity was physically
demanding
2 The activity was mentally demanding
3 The activity contained many arm
movements in straight lines
4 The activity contained many arm
movements in curved lines
5 The activity contained fast
movements
6 The activity contained slow
movements
7 | am satisfied with how | completed
the activity
8 | enjoyed completing the activity
9 It was comfortable to wear the VR
headset during the activity
10 | It was comfortable to wear the
sensor setup during the activity
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APPENDIX A

A.S Post Study Questionnaire

THE UNIVERSITY OF

SYDNEY

POST STUDY QUESTIONNAIRE

Project title: Arm Movement Modelling and Prediction

1. Which activity;
a. Was the most physically demanding?

1. Boxing 2. Beatsaber 3. Table Tennis

b. Was the most mentally demanding?

1. Boxing 2. Beatsaber 3. Table Tennis

c. Contained most movements in straight lines?
1. Boxing 2. Beatsaber 3. Table Tennis

d. Contained most movements in curvy lines?
1. Boxing 2. Beatsaber 3. Table Tennis

e. Contained fastest movements?

1. Boxing 2. Beatsaber 3. Table Tennis

f. Contained slowest movements?

1. Boxing 2. Beatsaber 3. Table Tennis

g. Were you most satisfied with completing?
1. Boxing 2. Beatsaber 3. Table Tennis

h. Was the most enjoyable?

1. Boxing 2. Beatsaber 3. Table Tennis

2. What are the two activities that you felt had most similar movements?

3. What are the two activities that you felt had most different movements?

4. Do you have any comments or suggestions?

. Dancing

. Dancing

. Dancing

. Dancing

. Dancing

. Dancing

. Dancing

. Dancing

Page 1 of 1
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A.6 User Study Script

Project title: Arm Movement Modelling and Prediction
User study - Script

Thank you for willing to participate in this research study. Being in this study is completely voluntary
and you do not have to take part. Your decision whether to participate will not affect your current or
future relationship with the researchers or anyone else at the University of Sydney.

If you decide to take part in the study and then change your mind later, you are free to withdraw at
any time. You can do this by informing the researcher carrying out the study that you no longer wish
to participate.

You are free to stop the experiment or discussion at any time. Unless you say that you want us to
keep them, any recordings will be erased and the information you have provided will not be included
in the study results. You may also refuse to answer any questions that you do not wish to answer
during the interview.

You are free to opt out from audio/video recordings of the study.
Introduction

In this study, our goal is to investigate how arm movement during VR activities can be modelled and
predicted.

You will be asked to complete several VR activities while wearing a VR headset. Your movement data
will be recorded through IMU sensors and Optitrack motion tracking software along with what you
see in the VR headset will be recorded. Additionally, whole session will be video recorded.

Background Data Collection
Please complete the following questionnaire. (give background questionnaire)

If you have any questions, please ask. If you do not know your arm length, the researcher will help
you to measure it.

Experiment setup

You will be asked to wear number of sensors in your body to collect data about your arms
movements and complete four activities while wearing a Virtual Reality (VR) headset. The researcher
who is conducting the study will make sure the sensors are attached properly and will assist in
wearing the sensors. If you feel uncomfortable, please not hesitate to raise the issue with the
researcher.

Checklist

1. 6IMU sensors
a. Right Arm and Left arm
i. Shoulder
ii. Elbow
iii. Wrist



Make sure the orientations and locations are consistent. Make sure the bands are tight but
comfortable.

2. 4trackers
a. Back—between shoulders
b. Waist —front
c. Left foot
d. Right foot
3. Processing software — check incoming data
4. Optitrack — Check whether all markers are properly displayed

Calibration
First, we will record some movement data without the VR headset.
Please look at the screen in front of you and repeat the movement after each recording is finished.

VR Setup
Next, we will record data of some tasks with VR headset.

Make sure the VR headset is connected to the pc and the screen can be seen.

Ready the VR Screen Recording.
Help the participant to wear the headset. Make sure it is tight and comfortable.

VR Setup
For each VR task do the following.

Please follow the instructions given by the researcher to navigate to the intended application.
Give instructions to do the task.

After each task is finished, give the task questionnaire.

Post Study
Give post study questionnaire.

Thank you for participating in this user study.
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