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Users of prosthetic limbs face many challenges operating their devices in everyday tasks.
The many aspects of doing tasks like stair descent and object grasping are largely done
subconsciously in a person without any limb impairment. A person with a limb amputation
or impairment bears the full weight of this cognitive load, and are often forced to deal with
the limitations of the prosthesis by employing compensation strategies, like ”overhanging

toe” in stair descent and shoulder compensations in grasping tasks.

My research aims to ease the burden placed on prosthetic limb users by using the learning
capabilities from data-driven methods of neural networks particularly in object grasping.
Gaze2Grasp is a machine learning algorithm that uses eye-tracked gaze to predict preferable
wrist rotations of a virtual prosthesis. By using an input of vision and providing outputs of
wrist rotations, Gaze2Grasp could be implemented in any prosthetic controller with wrist
degrees of freedom, and shows the value of vision in object grasping. The algorithm may

also be useful for other applications like remote-operated robotic grasping systems.
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Chapter 1

INTRODUCTION

1.1 Motivation

1.1.1 Need for improvement in prosthetic devices

Mobility and natural human movement are functions that are not often thought about until a
loss. This can be in the form of an accident, an impairment, or a congenital condition. It was
found in 2005 that 1.6 million persons in the US were living with the loss of a limb. While
more recent numbers are not available, it is estimated that the person with amputation
(PWA) population will increase to 3.6 million persons by 2050. [1]. It is estimated that
there are around 185,000 persons undergo amputations every year. For most of these PWA,
a prosthesis will be an option in terms of rehabilitation. Yet, a survey done on 808 veterans
with prosthetic limbs found that 379 users reported abandoning their prosthesis at some
point during their life. This rate of abandonment can be blamed on various shortcomings
that exist in almost all current versions of upper and lower limb prostheses [2]. With the
increasing rates of amputations, fueled by rising rates of diseases like diabetes [3], it is
important to improve the control and performance of prosthetic limbs.

1.1.2 Prediction wn prosthesis control

A general prosthesis control flow begins with the task presented to the user and the user
considering the best approach to the task. Due to the presence of the impairment, a cognitive
load is placed upon the user to accommodate the impairment. While prostheses are meant
to restore natural movement, the cognitive load is something that most prostheses do not
address. However, introducing predictive systems to the prosthesis can have an impact of
reducing cognitive load [4]. The prediction, in the form of feedback, cueing, actual prosthesis
control, or other information, is able to reduce the amount of cognitive load that is present
during the task, which allows the user a better experience overall.



1.1.8 Smart prostheses

Smart prostheses incorporate some sort of algorithm or model in order to better operate closer
to natural movements. In most cases, machine learning is used to predict the outcome of a
task or the optimal method to reach this outcome. While many different learning methods
exist, artificial neural networks (ANN) have been found to be a good choice for these types
of learning problems [5, 6]. Shehata et al finds that while ANNs have long training times and
large computational costs, they show great promise in upper-limb control strategies. [5] In
both classification and regression problems, ANNs are able to reliably learn the relationship
between the inputs and the desired outputs.

In upper-limb control, Ameri et al designed a control scheme using an ANN is able to
identify reliable motor controls from electromygraphy signals (EMG) [7]. In lower limb con-
trol systems, Woodward et al shows that ANNs have been used to predict the intent of a user
to switch between preprogrammed modes of use (climbing stairs, flat ground walking, etc) [6].
This implementation using ANNs are significantly more accurate than other learning meth-
ods, like linear discriminant analysis (LDA). In the realm of prosthetic development, smart
prostheses using predictive control strategies with underlying machine learning algorithms
are creating a path towards more intuitive and useful prosthetic devices.

1.2 Research Goal

The goal of my research is to predictive control strategies to create technology to assist PWA
with everyday tasks and restore natural movement. Both people with upper-limb and lower-
limb impairments benefit from predictive control strategies, and my research will include
both of these groups.

For people with lower limb amputations, I hope to allow a restoration to more natural
movements, especially in the accomplishment of stair descent tasks. For this goal to be
recognized, I collaborated on a project called SmartStep. The SmartStep device focuses on
cueing users to match their foot to a predicted foot placement. My contributions to this
project came in two sections:

Awm 1.1: Investigate the ability of subjects to adjust strides based on haptic cueing

To figure out if subjects can be cued to adjust their stride length in a mobility task, we
conducted a study on participants doing a flat-ground walking task. The subject wore
sensors and a feedback device which sent vibrations to the wrist, and gait data was collected
to determine when the signal should be sent for the user to adjust a target foot placement.



Findings from this sub-aims are to be published in [8].

Aim 1.2: Collecting a large-scale dataset of stair descent gait data from intact subjects in
a non-laboratory setting

To train a model to predict future foot placements of a user when descending stairs, a large
dataset is necessary. This dataset was taken on a large number of subjects wearing sensors
and insoldes while descending stairs in a non-laboratory setting. This dataset is distinguished
from others in the field, as, to our knowledge, this is the first large scale dataset of gait data
for stair descent that is public and not collected in a laboratory.

Findings from this sub-aims are to be published in [9].

For people who use upper-limb prostheses, I wish to investigate a way for users to perform
everyday tasks in a manner that is more intuitive and less of a cognitive burden. Specifically,
I focus on improving the execution of object grasping tasks. In order to realize this goal,
I am developing the Gaze2Grasp algorithm to predict optimal wrist angles from the user’s
eye-tracked gaze. This algorithm will be created and tested in the following two sub-aims:

Awm 2.1: Collect and train algorithm on joint kinematic and eye-tracked gaze data from
intact subjects performing object grasping tasks in virtual reality

To be able to train a model, I require a dataset of gaze frames and corresponding wrist
orientations. I perform data collection on intact users in virtual reality, using eye-tracking
software and a hand-tracking device. The most similar datasets are done with gaze-tracking
cameras (head-tracked or eye-tracked) for the scene, but not explicitly record any joint
kinematics. These datasets are mainly for grasp classification and grasp synthesis, which is
a separate goal from ours.

The dataset will be used to train a model, on which cross-validation and hyperparameter
tuning will be done to create the highest-performing models. A test set is held apart from
the training and validation set to test against some baseline models.

Awm 2.2: Predicting optimal wrist configurations during virtual object manipulation tasks
and investigating performance against non-predictive prosthesis

I evaluate the qualitative performance of the algorithm by implementing it into a virtual
prosthesis and performing grasping tasks. I compare this configuration with a wrist-locked



configuration. This user study is performed on a set of intact subjects, and the performance
is evaluated.

Findings from this aim are to be published in [10].

1.3 Scope and future implementations

In Aim 1, I will collaborate to create a dataset of haptic cueing gait data for analysis on stride
adjustment, as well as a dataset for training an algorithm to predict future foot placement.
This research will focus mainly on the dataset collection, while collaborators will do further
work on implementing the system as a whole.

This research will focus primarily on the development of the device hardware and the
predictive system of the device. The final implementation of this device into real-time systems
for PWA will not be addressed in this work.

In Aim 2, I will create and validate a system which calculates the optimal wrist rotation
based on the eye-tracked gaze of the user. The dataset collection, the development of this
algorithm and the shown improvement over wrist-locked prostheses is the main goal of the
research.

This research will only focus on the development and verification of the algorithm. Imple-
menting this algorithm into a real life prosthesis will not be considered in this work. However,
this algorithm, with modifications for latency and synchronization, would be an interesting
addition to a upper limb prosthesis with wrist degrees-of-freedom. The setup for this would
require an eye-tracking depth camera worn by the user, and the algorithm incorporated into
the controller of the prosthetic limb.



1.4 Organization

This manuscript is organized as follows:

e Chapter 1: Motivation, aims, and scope of the research.

Chapter 2: Background, current works, and state of the art related to the research

Chapter 3: Aim 1

Chapter 4: Aim 2.1

Chapter 5: Aim 2.2

Chapter 6: Conclusion



Chapter 2

BACKGROUND AND PRIOR WORK

2.1 Prosthesis accessibility and abandonment

Despite prostheses being necessary for a person with amputation (PWA) to regain mobility
in the lost limb, current options for prostheses [11, 12] that offer high functionality and
a restoration of natural movement are limited. These options are further limited by cost,
weight, and fit. While body-powered or passive prostheses cost much less than these, it is
important to note that users have already had to go through amputations, rehabilitation,
and other such costly procedures. Furthermore, prosthetic limbs require repair, replacements,
and upkeep, and so the decision to use a prosthetic limb can be costly. In order for this cost
to be worth it, the functionality must improve to provide more natural movement.

There is a problem that plagues all areas of prosthetic rehabilitation; the loss of a human
capability leads to either compensation or abandonment. When a prosthesis introduced more
problems than it solves, then it fails to provide the user with an assistive experience and
rather becomes a burden to use. There is a variety of reasons for why a user would reject a
prosthetic limb, including weight, comfort and functionality [13, 14, 15] Surveys on prosthetic
rejection and abandonment have found that the abandonment and rejection rate can be as
high as 34 and 44% in subjects with upper-limb prostheses caused by congenital arm defects
[16] and trauma, respectively [17]. Even with users of ortheses, the rate of abandonment was
as high as 20% [18], though upper-limb ortheses and prostheses were found to have higher
levels of abandonment. In a survey of veterans with amputations, it was found in Figure 2.1
that reasons like ”lack of comfort”, "too much fuss”, "fit/comfort”, and ”heavy/fatiguing”
were all reasons given for prosthesis abandonment [2]. However, a survey of PWA who
rejected or abandoned a prosthetic device found that 72% of these subjects may be willing
to reconsider prosthesis use if the devices had a lower cost and increased functionality [19].

2.1.1 Compensatory strategies of lower-limb prosthesis users during stair descent

As many lower-limb prostheses do not have proper function to accomodate stair descent,
some users tend to avoid using stairs altogether. For those with active protheses, there are a
few strategies to use. The first is the ”step-to” technique , where the user will lead with the
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Figure 2.1: Responses for reasons of prosthesis abandonment, taken for unilateral users [2]

prosthetic limb, achieve ground contact, then move their intact foot to the prosthetic foot
and repeat. [20] Other users will approach the stairs like intact users, but use ”toe overhang”,
where the foot is placed a fixed distance to the step edge and use the step edge as a pivot
for a rolling motion. [21, 22]. In all strategies, vision is used heavily to confirm accurate
foot placement, which both takes the vision system away from other uses and interrupts a
smooth descent.

2.1.2  Compensation for low degree-of-freedom upper limb prostheses in reaching tasks

A common problem in modern prosthetic hands is that degrees of freedom of wrist rotation
are overlooked. Even complex prostheses strive for finger dexterity and the ability to create
different grasp shapes, but often only include a manually operated wrist [11, 12]. In more
accessible options, like hooks and simple graspers, wrist rotation is commonly manually
operated by the intact arm. The user then has two choices of compensatory strategies:
Using the intact arm, whether to manually rotate the prosthetic wrist unit or to do the task
altogether, or using the shoulder to rotate the wrist as desired. The first strategy of using the
intact arm leads to less use of the prosthesis altogether, while users of the second strategy



find the burden of hand orientation to be passed to the forearm, upper arm, or chest. The
user performs compensatory motions in order to orient the hand in a way to make up for the
lack of movement in the wrist, which when constantly repeated, can lead to limb pain and
overuse syndrome in the limb [15]. This is one of the main causes for prosthesis rejection
and abandonment [19]. The cognitive load of having to orient the hand based on shoulder
or chest movements is then also introduced to the user.

In the survey of veterans with amputations, upper-limb prosthetic users were surveyed
about certain conditions. From this, it was found that 71% report pain in other arm and
51% report conditions like arthritis or carpal tunnel in that arm. This is a result of using
the intact limb as a compensatory strategy, as the user is overusing the other limb to do all
tasks or rotate the prosthetic hand manually. It was also found that 72% reported back pain
and 60% reported neck pain, which is a direct result of using shoulder and chest movement
as a compensatory strategy, because those users are overusing the shoulder system. Overall,
all compensatory strategies have drawbacks and stem from the lack of wrist function.

2.2 Data-driven prediction of reaching tasks

2.2.1 Vision and grasping tasks

Vision is an important system in many daily mobility tasks. The addition of extra visual
systems is also beneficial to performing mobility tasks. He et al designed an artificial vision
system with thermal imaging, and found that with the extra information provided, subjects
had less errors and collisions, but did not compromise walking speed [23]. Furthermore,
the lack of vision information, or the presence of particular visual impairments, leads to a
decrease in mobility performance [24]. Several studies to design prosthetic devices to restore
vision have been done [25, 26] because of the impact that vision has on mobility tasks. Karl
et al found that the loss of vision in a reaching task led to more elevated trajectory of the
hand, and required more contact adjustments [27].

Human object grasping is a complex task requiring fine motor control. Grasping can be
divided into three phases: the first phase is the pre-grasping phase, which is comprised of
two parallel tasks performed by the user’s hand, which are hand transportation and hand
pre-shaping. Hand transportation involves the hand trajectory, which is influenced by the
distance of the object’s grasping point to the hand [28, 29|, while pre-shape encompasses
the rotational changes of the hand joints to match the forecasted grasp shape [28, 30]. The
second and third phase are grasping and manipulation, in which the object is contacted
with a stable hold and further manipulated with respect to the environment or the hand via
translation, rotation, or precision movements [28, 31, 32].

Vision has been shown to be predictive of intent and point of contact in everyday reaching



tasks. Regardless of the environment, the gaze tends to focus solely on objects involved in a
task [33], ignoring any irrelevant sections of a scene [34]. During the time of gaze focus, the
eyes tend to focus towards the natural grasping points of objects [35], known as affordances.
These affordances are defined as the properties of objects that are directly linked to motor
performances [36]. Being able to identify grasping contact points provides information on
the pre-grasp approach, and so vision can be leveraged to create intelligent grasping devices.

2.2.2  Parallels of vision in robotic grasping

Data-driven analysis methods are commonly used to approach the task of robotic grasping.
Most studies focus on point clouds as a dataset, as other studies that include the object
models [37] or aim to reconstruct the object model from the available data [38] tend to have
less success in grasps for novel objects [37, 38]. A good example of utilizing vision with
incomplete point clouds is the study done by Kopicki et al, in which researchers synthesized
grasps with only point clouds taken with a depth camera [39]. A limitation of grasping
algorithms in general was highlighted in this study, which was the issue of multiple grasp
choices with limited points of view of the object. This is a common problem in datasets
of robotic grasping, which have been available for the study of various training methods
40, 41]. However, many of these datasets are collected from robotic grasping, and not on
human subjects, which does not provide much insight towards the impact of human vision
on grasping. Since eye-tracked gaze has been shown to predict grasp contacts, we implement
gaze via eye-tracking to obtain such information for human grasp replication. However,
in the realm of intelligent prosthetic devices, replacing human grasping has proven to be
challenging.

Previous works have established a multitude of techniques through which the problem
of robotic grasping has been approached. One set of approaches are the techniques using
learning algorithms (SVM [42], Markov Chains [43], and deep learning [44]) to classify the
type of grasp for a given reach. Classification is a useful approach to determine the type of
grasp. Classification hierarchies have various groupings (i.e. a power grasp or a precision
grasp) and subgroupings within each group may exist to further specify a better grasp choice
(i.e. a palmar pinch grasp or a tripod grasp) [45]. However, classification-based systems can
be limited since the chosen grasp may not fit the object exactly. The adjustments to the hand
to validly grasp an object are then pushed to the grasping phrase, via techniques like force-
closure grasping or task-oriented grasping [46, 47]. Thus, a big challenge in grasp synthesis
comes from the broad range of objects that an algorithm has not seen.
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2.3 Similar works in upper-limb prosthesis control

Recent studies have shown great promise in improvements in grasp synthesis for advanced
myoelectric prosthetic hands by using eye-tracked gaze. For example, Krausz [48] et al
created a prosthesis controller based on the combination of eye-tracked gaze and EMG to
synthesize grasps. The study reconfirmed that gaze preceded hand motion during grasping
tasks, establishing the impact that gaze can have on reaching tasks. Our study differs from
this by focusing on predicting wrist rotations from gaze. While this study found that vision
had a impact on predicting grasp poses, it is unknown whether gaze has the same impact on
solely the wrist rotations.

Cognolato [49] et al provides an approach towards grasp classification by using vision
and gaze tracking on amputees that already use prosthetic hands in order to provide an
improvement in creating pre-grasp hand poses. A large dataset was collected on both intact
subjects and amputees, and provides gaze data, as well as myoelectric signals, and various
learning algorithms were implemented for grasp classification. A previous study by Cogno-
lato [50] used a convolutional neural network to perform object classification with classes
created from grasp types. In these two studies, subjects were instructed to grasp the ob-
jects in a certain way according to the grasp class in which the object existed in. While we
also use eye-tracking gaze and a similar architecture, our experiment differs from these two
studies because our study instructs subjects to grasp the objects in the way that feels most
natural to them. This incorporates intent and natural grasping into our experiment, and
we implement eye-tracking gaze to identify the choice of affordance of the subject and the
corresponding wrist orientation. Furthermore, these recent studies tend to focus on whole-
hand kinematics, which requires advanced prostheses with high degrees of freedom, which are
usually inaccessible to a majority of the population [51], and so we differ from these studies
by focusing on possible improvements to any prosthesis with wrist degrees of freedom.

2.4 Conclusion

Current implementations of prostheses that are accessible to a vast majority of amputees
fail to afford their users with basic function, whether it is lack of sensory feedback or wrist
functionality. Users must then employ compensatory strategies in order to make up for this
lack of function, and end up with cognitive load and physical consequences in other systems
of the body.

To assist with this problem, prostheses which use predictive control systems, as well as
assistive devices that use predictive strategies, are being created. I propose to use data-driven
methods in the form of neural networks to create predictive systems that allow more function
to the user. In lower-limb devices, I collaborate on a project called SmartStep, which uses
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neural networks to predict future foot placements and cue the user with haptic feedback. For
upper-limb prostheses, I propose a system called Gaze2Grasp, which uses neural networks
to predict wrist rotations from the user’s vision data. Both of these systems aim to assist
the user by using prediction to provide useful information to the user.
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Chapter 3

DATA COLLECTION FOR USE IN PREDICTIVE
LOWER-LIMB SYSTEMS

3.1 Data Collection: Gait Data of Vibrotactile Feedback-Driven Foot Place-
ment Adjustment Task

This dataset consists of feedback-driven flat-ground walking gait data collected from 10
participants recruited in accordance to a University of Washington Institutional Review
Board protocol. The study analyzing this dataset has a publication under review in [§]

3.1.1 Sensors and Equipment

The experiment requires two main sets of equipment: the hardware and the data recording
system.

The main hardware in this experiment is a wrist-worn vibrotactile feedback device, shown
in Figure 3.1. This device consists of two motors (Vibrating Mini Motor Disc 1201, Adafruit,
New York City, NY, USA) on the dorsal and palmar side of the wrist driven by motor
drivers (DRV2605, Texas Instruments Incorporated, Dallas, TX, USA). The motor cues are
controlled by an Adafruit microcontroller (Adafruit Feather MO Adalogger microcontroller
2796, Adafruit, New York City, NY, USA) connected to a multiplexer (TCA9548A I2C,
Texas Instruments Incorporated, Dallas, TX, USA). The system interfaced to a computer
using a bluetooth transmitter (HC-05, Shenzhen HilLetgo Technology Co., Ltd, Shenzhen,
China). All components are encased in a 3D-printed case, secured to an generic elastic band
with Velcro, except the palmar motor, which is secured within the elastic band separately.

The experiment requires the collection of full body kinematic data and ground reaction
force data. To collect the full body kinematic datadata, we used a Qualisys motion capture
system (Qualisys AB, Goteborg, Sweden). This system consisted of reflective motion capture
marks attached to specific landmarks by adhesive, as well as limb clusters which were worn
via elastic straps. The ground reaction force data was captured using four force plates
(Kistler Group, Winterthur, Switzerland) in the path of the participant.
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Figure 3.1: Device used for sending vibrotactile cues to the dorsal and palmar side of the
wrist for stride adjustment [8].

3.1.2 Task

The participant is instructed to walk in a forward pass along a walkway, shown in Figure 3.2,
during which haptic cues were sent via the wrist apparatus, shown in Figure 3.1. The par-
ticipant first did a calibration for the motion capture system, and then established a starting
position, which was approximately 5 strides from the first force place. The participant is
then instructed to adjust the stride length of the next right foot based on the haptic cues
received from the apparatus, with a longer step if the cue is felt on the palmar side and a
shorter step if the cue is felt on the dorsal side. The participants are instructed to avoid
stopping during the forward pass, but are not given any instruction regarding walking speed,
stride length adjustment, or subsequent adjustments. One trial consists of a forward pass,
in which one haptic cue is sent, and a return to the starting position. Each data collection
session recorded 84 trials, and participants were allowed to take a break between trials if
needed.

Each trial had either one haptic cue, which could come at one of six different times and
could be either a longer step cue or a shorter step cue, or lacked a haptic cue. This haptic
cue would happen after a specific gait event is detected, according to the stimulation time,
and is delivered at a random location along the walkway.
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Figure 3.2: Visualization of the task. Subjects were instructed to walk in a straight pathway
over force places while awaiting haptic cues. [§].

3.1.83 Data Processing

The gait data collected from the motion capture system required manual cleaning to track
each of the anatomical landmarks and clusters throughout each trial. In order for the data
to be usable, each anatomical landmark and cluster had to be recognized and labelled during
the majority of the trial. For each trial, markers were hand-labelled and tracked to ensure
that there were no dropped labels or unrecognized markers.

For analysis, the foot strikes also had to be identified in order to center the target foot.
For each trial, at least five heel strikes were recorded, so manual identification of the first
right heel strike had to be done. the first heel strike was defined as the right heel strike
happening prior to contact with the first force place. We were then able to identify at most
four heel strikes prior to the target foot strike and at most three heel strikes after the target
foot strike.

3.1.4  Further Work

The next steps in the project. consisted of more processing steps, like normalization, statisti-
cal analysis, and a full analysis of the stride length, gait data, walking speed on adjustments,
and more. This work was done by other contributing authors, and is described in [8]. The
main relevant conclusions were that the user could be cued to adjust the stride of the target
foot. Stimulation timings are shown in Figure 3.3. For shorter strides, the user needed the
cue sent before the toe-off of the left foot (ST2) in the previous step, while for longer strides,
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the user needed the cue sent before the midswing of the left foot (ST3) in the previous step.
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Figure 3.3: Stimulation times sent during the trials. Findings show that shorter stride
adjustments needed the cue sent before ST2 and longer stride adjustments needed the cue
sent before ST3 [8].

3.2 Data Collection: Gait Data of Stair Descent Task

This dataset consists of stair ambulation gait data collected from 101 participants recruited
in accordance to a University of Washington Institutional Review Board protocol. This
dataset, which is collected specifically for stair ambulation, has a publication under review
in [9]

3.2.1 Sensors and Equipment

This experiment requires the capturing of full body kinematics and forces of the foot. To
capture the full body kinematics, we used an XSENS motion capture system (MTw Awinda,
Xsens Technologies B.V., Enschede, Netherlands). This system consisted of a lycra shirt,
headband, and inertial measurement units attached on the head, torso, and limbs via elastic
straps and placements on the shirt and headband. To collect the normal forces under each
foot, we used Moticon insoles (Moticon SCIENCE ver. 1 and Moticon SCIENCE ver. 2,
Moticon ReGo AG, Munich, Germany). The Moticon insoles used were European shoe size
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44/45, or US Men’s 9, so participants who had equal or larger shoe sizes would wear them
inside a non-arched athletic shoe. Participants with smaller shoe sizes wore rubber overshoes
with the insole between their shoe and the rubber overshoe. When using the Moticon ver.
1 insoles, an Arduino board (Arduino MEGA 2560, Arduino, Somerville, MA, USA) and
an wifi shield (Adafruit WINC 1500 Wifi Shield, Adafruit Industries, New York, NY, USA)
were used to record and sync the data. However, the Moticon ver. 2 had capabilities of
on-board data storage, and these components became unused.

3.2.2 Task

The experiment consists of the subject ascending and descending a staircase (rise of 15.5cm
and run of 33cm) with 13 steps. Before any data is collected, the subject does a calibration
for the motion capture system. One trial consists of the subject descending and ascending
the staircase, with a one second pause when they reach the bottom. No instructions were
given with regards to the leading foot, the pace, or the turn direction between descents and
ascents. FEach data collection session ranged between 20 and 50 trials, and most participants
took breaks every 10 or 15 trials. The sensors, as well as data visualizations of the ascents
and steps, are shown in Figure 3.4.

3.2.83 Data Recording

The data that was recorded consisted of full body kinematics recorded in the XSENS pro-
gram, in a specific format (.mvn), and the foot force data recorded on-board on the Moticon
insole. The full body kinematic data consists of the time series of joint angles and 3D posi-
tions of each of the XSENS sensors. These values were sampled at a rate of 60 Hz for the
duration of the sessions between breaks. The Moticon data consisted of the time series of
pressures of each sensor in the insoles, as well as the foots’s total acceleration, force, and
center of pressure. These values were sampled at a rate of 50 Hz for the duration of the ses-
sions between breaks. Each subject had several sets of Moticon and XSENS files depending
on how many breaks were taken, and each set of Moticon and XSENS files had several trials
of data.

3.2.4 Data Preprocessing

The full body kinematic data is reprocessed in HD to provide for cleaner data, and then is
exported to a comma-separated-value file using a Matlab plugin for the XSENS program.
The Moticon data is downloaded from the insole’s on-board storage into a plain text format
(.txt).
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Figure 3.4: Segmentation of the data shown for a trial section, staircase steps, and individual
step. Also shown are the sensors and insoles worn by the participant [9].

3.2.5 Further Work

The next steps in the project. consisted of more preprocessing steps, like resampling, syncing
and filtering, segmentation both to descents and to steps, and analysis of the data. This
work was done by other contributing authors, and is described in [9)].

3.3 Conclusion

For predictive controllers to be implemented into prosthetic systems, datasets are crucial
to train the system. In order for the predictive controller to mimic human movement as
closely as possible, these datasets should be based on human subjects where possible to gain
insight into how these tasks are approached by human systems. Datasets such as the ones
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described in the above sections are necessary to analyze human cognitive response and to
develop systems which can perform in human-in-the-loop systems.
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Chapter 4

IMPACT OF EYE-TRACKED GAZE ON HAND PRE-GRASP
POSE: DATASET AND MODEL DEVELOPMENT

4.1 Dataset Collection

In this experiment, we collect a dataset of vision and hand kinematic data on subjects
reaching in a virtual environment to grasp objects. Subjects in this study consisted of 6
intact (non-amputee) right-handed subjects (5 males, 1 female). Subjects were compensated
for their contributions and all subjects gave informed consent to the study. All experimental
procedures were approved by the Institutional Review Board of the University of Washington.
The study analyzing this dataset has a publication under review in [10]

4.1.1  Objects

We used the Yale-CMU-Berkeley Object and Model Set [52] for the objects in the experiment.
Only a subset of these objects was used, in order to avoid using multiple objects with similar
object geometries. Each object’s geometry was remodeled in Unity. This subset, of which
some are shown in Figure 4.1, contains 30 objects of varying object geometry and features.

4.1.2  Sensors and Equipment

This experiment requires the capturing of gaze data as well as kinematic data of the hand.
To capture the gaze data, as well as run the experiment in Virtual Reality (VR), a HTC Vive
Pro Eye (Vive Pro Eye, HTC Corporation ), while the kinematic hand data was captured
via a Leap Motion Controller (Leap Motion Controller, Ultraleap ).We used the Tobii SDK
(TobiiXR SDK, Tobii ) eye tracking software.

4.1.83  Task

A VR program in Unity was created in order to capture the hand kinematics and gaze data.
The experiment consists of the subject sitting at a desk while objects spawn in front of the
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Figure 4.1: Examples of various objects used in this experiment. A range of object geometries
are used, with repeated geometries having different scaling factors.

subject. A trial consist of an object spawning in a randomized position and rotation. A red
indicator light informs the subject that the object is spawned, and the subject is instructed
to reach for the object. When contact is made, the object disappears and the indicator light
becomes green to inform the user to move to a pre-defined neutral position. At this location,
the indicator light becomes blue and the subject is given one second to rest until the next
object is spawned. Each data collection session ranged between 300 and 400 trials due to
the randomization of objects’ locations and orientations as well as corrupted trials. The set
of objects used in this task is a subset of the objects described above.

4.1.4 Data Recording

During the reaching phase of each trial, each frame of gaze data and kinematic hand data is
being recorded according to the fixed frame rate in Unity. The gaze data, shown in Figure
4.2, consists of a 100x100 depth cloud centered around the gaze point. The center of the
gaze was also tracked over time, essentially creating a "heat map” of the subjects’ gaze. The
hand kinematic data consists of joint positions and rotations for all joints in the hand and
wrist.
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Figure 4.2: Gaze visualizations on several objects. The depth data provides for general object
geometry, while the heat data provides information on locations where the gaze lingered.

4.1.5 Data Processing

A trial’s data file is processed in a Python program, where five frames are selected as the
optimal frames for the trial. The median of the gaze centers are calculated and the frame
which has a center that is closest to this median is the one most likely to contain the correct
center of gaze. The frame is then split into a depth image of the object, as well as a heat
map of gaze lingering, which are both normalized between 0 and 1.

The hand kinematics are selected as the last fives frames before the trial ends, as this
should be the most accurate to the desired grasping pose. The joint data is transformed
using sine and cosine operations to remove discontinuities between 0 and 359 degrees.

The raw wrist rotation data was processed into 4 classes. These classes were chosen
empirically from the data that was collected, which showed two peaks in the wrist prona-
tion/supination and the wrist flexion/extension, visible in Figure 4.3. The four classes rep-
resent all possible combinations of the peaks, visualized in Figure 4.4.
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Figure 4.3: Distributions of the wrist angles in the data.
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deviation), there is a single peak, and in the y-direction (pronation/supination) and the
z-direction (flexion/extension) there are two peaks.

The data is also split into various subsets of data for training, validation, and testing.
The test set consists of the complete set of data from one subject which is not included in
the training or validation set. The remaining data is split between training and validation
by randomly choosing 10% of the data to be in the validation set and the rest in the training

set.

4.2 Model Development

We aim to develop a model that can take frames of gaze data as input and output a prediction

for the user’s wrist rotations.
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4.2.1 Feature Selection

The input and output features will be selected from the dataset described in the previous
section. These features are chosen in a way that fits our goal the most. The first consideration
in the problem is the choice to view this problem as a regression or as a classification problem.
While regression seems the most natural choice to a problem regarding human kinematics,
we find that most grasps in the dataset have specific values in the distributions that they
tend towards.

The input features chosen for the task are the entirety of the collected gaze data. After
processing this data, this consists of two channels of a 101x101 square matrix of gaze data.
The two channels correspond to the depth image of the object and the time-tracked heat
map of the gaze over the object. Both channels are normalized between 0 and 1 to help with
the model learning.

The output features chosen for the task are the two wrist rotations with the most deviation
in the choice. For the adduction and abduction of the wrist, we see in Figure 4.3 that there
is not much variance in the angles of this joint, which makes sense for most common grasping
tasks. However, there is great variance and distinct peaks in the pronation/supination and
the flexion/extension. This supports our choice of posing this as a classification problem
and our reasoning for using these two wrist rotations. While data for all joints of the hand
are recorded, we only use the joint data for the wrist because this aligns the most with our
object of predicting wrist rotations.

4.2.2  Baseline Selection

To select a baseline algorithm for this task, we look at the goal of predicting the class of
optimal wrist rotations given an input frame of data. Knowing this, we find several methods
to choose from.

The most simple approach consists of choosing the most common class in our data. This
ensures that the most represented class will always be the chosen. Given the class imbalance
in the dataset, this will ensure that we have a fairly high accuracy, but fails to properly
represent any of the other classes, which may have been a more optimal choice. This will
serve as the first baseline to compare our algorithm to, and will be referred to as the most-
frequent class (MFC) baseline.

To improve upon this simple solution, we may propose a second baseline algorithm which
uses regression to predict the joint angles, then post processing this into the classes. As our
data seems to have multiple distributions in the two rotations, a reasonable choice would be
to use a Gaussian models. Typically this approach works the best when the distributions
are Gaussian, which Figure 4.3 shows exist in our dataset. The predicted wrist rotations are



Figure 4.4: Visualization of how each class looks to the user. Each class has a flex-
ion/extension component and a pronation/supination component.

then calculated into the classes in the same way that the target data is processed into classes
for comparison. This will serve as the second baseline to compare our algorithm to, and will
be referred to as the Gaussian Mixture Model (GMM) baseline

4.2.3  Final Algorithm Selection

Ultimately, the baselines will not perform very well, as there is information in the input data
that the baselines will fail to account for. To show a reasonable performance in algorithm,
we propose using a Convolutional Neural Network (CNN). A large body of research in image
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processing has found that the CNN architecture is particularly good at most image processing
tasks [53, 54, 55]. The defining aspects of the CNN is their alternating of convolutional layers
and pooling layers. The convolutional layers downsample the image and learn features [46],
while the pooling layers reduce the dimensions of the feature maps. An example of this can
be seen in Figure 4.5, which shows the outputs of the filters in the final model on a given
image.

Figure 4.5: Examples of a features learned from a single gaze image in the first convolutional
layer in the architecture. Filters learn various features, like edges or points of contact. A
subset of filters are shown here

The final architecture, shown in Figure 4.6, consists of 2 layers of convolution and pooling.
The first 2D Convolutional layer has 32 filters with filter size of 5 and a kernel size of 3. This
is followed by a Max Pool 2D layer with kernel size of 3. The second 2D Convolutional
layer has 64 filters with a filter size of 3 and a kernel size of 3, and is followed by a Max
Pool 2D layer with kernel size of 3. The output of this layer is flattened, and input into a
fully connected layer with a size of 100. This outputs to a final Dense layer for the output
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with 4 classes and a softmax activation function. Dropout layers were implemented after the
Flatten and the Dense layers in order to counteract overfitting.
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Figure 4.6: Architecture of the Convolutional Neural Network trained for this task. The
layers of convolution and pooling are followed by two fully connected layers to a softmax
output layer.

4.2.4  Hyperparameter Tuning

Hyperparameter turning was performed using all data except one subject with a split of
90/10 for training/validation. The outcomes of various testings are shown in Table 4.1. Sev-
eral configurations of shallow networks were tested, as well as several deeper configurations.
The shallow configurations generally performed worse than the deep networks and the con-
ventional CNN architecture performed best. We found that the architectures performed best
when the number of convolutional and max pooling layers was 2, and the size of these layers
performed best when the convolutional layers have an increasing number of filters. The best
choice for number of filters were 16 and 32 for the first and second layer, respectively. The
kernel size and pooling size were parameters that I found to have less of an effect on the
performance, so they are constant between layers. All models were trained using the ” Adam”
optimizer, and early stopping was used to determine when convergence was reached before
over-fitting behavior was shown.

The final hyperparameter values are described in Table 4.2
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Table 4.1: Performance metrics of various hyperparameter tunings for classification of the
wrist class.

Number of Convolution Layers ‘ 1 2 3 4
Accuracy 69.6% 75.2% 73.1% T721%
F1 Score 48.40 54.91 52.06 49.22

Number of filters (First and Second Layer ‘ 8,16 16,32 32,04

70.92&  72.11%  74.41%
49.56  48.61 53.04

Accuracy
F1 Score

Table 4.2: Hyperparameters tested and chosen for the final architecture.

Concatenated

Optimizer Adam
Learning Rate 0.001
Dropout Rate 20%
Hidden Layer Activation Function | ReLu
Batch Size 64
Epoch 10

4.2.5  Test results

We implemented the CNN algorithm to predict the class of wrist rotations from gaze data
of an unseen subject, which was held out from the dataset. The results show an accuracy
of 72.9% and a F1 score of 49.79. This accuracy and F1 score is slightly lower than, but
comparable to, the highest accuracy and F1 scores found during validation.

Table 4.3: Performance metrics of the final implementation of the model and the baseline
models on the test dataset.

Model ‘ MFC Baseline GMM Baseline CNN Architecture

Accuracy | 57.7% 59.6% 72.9%
F1 Score | 18.30 22.95 49.79
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Figure 4.7: Confusion matrices of the models on the test set of data. These confusion
matrices shows which the percentage of each class predicted correctly, and which class is
confused the most with other classes.
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The confusion matrices in Figure 4.7 show how the classes are mistakenly chosen over
one another for each model, as well as the how each model predicted each class in the set.

4.3 Discussion

4.8.1 Performance metric, class imbalance, and confusion

The performance metrics chosen to evaluate the model were the accuracy and the Macro
F1 score. Accuracy can be a good indicator of the general performance of the model, but
cannot capture small successes and failures between classes. The Macro F1 score was chosen
to counteract this, and show the success of the model in predicting each class specifically. As
we see in Tables 4.1 and 4.3, an change in accuracy does not necessarily imply a corresponding
change in Macro F1-score. The MFC baseline model can achieve a high accuracy since the
dataset is imbalanced, but this does not mean it is a good model, as it has not learned how
to predict any of the other classes. The Macro F1 score is a good representation of this, as
it takes into consideration the success of the model to predict all classes in a representative
manner.

The dataset has a class imbalance with the most frequent class being 58% of the data
and the least frequent class comprising less than 1 percent. The most frequent class is
Class 3, while the least frequent class is Class 1, which are supination/extension and prona-
tion/extension, shown in Figure 4.4. For this reason, we use the Macro-F1 score when
comparing the different algorithms to find the best performing architecture. In a practical
setting, the least frequent class may be one that is used for very few object orientations, so
despite being optimal in these scenarios, an alternate class may be only slightly less optimal.
For this reason, we did not find it necessary to eliminate this class, as the user study may
show that both classes are similar in efficiency. This may result in a lower model performance
when measured by accuracy or macro-F1 score.

We find that the classes that are most frequently confused are Class 2 and Class 3.
Referencing Figure 4.4, we can see that these classes represent the wrist supination, but
differing flexion/extension. This suggests that when the wrist is supinated, the flexion or
extension of the wrist does not have a significant impact on grasp success. We also find that
most of Class 1 scenarios were incorrectly predicted to be Class 3. This is because Class 1
is the least frequent class, so the model most likely did not learn when to predict these and
instead predicted the most frequent class. However, the model predicted Class 1 a non-zero
amount of times, which indicates that there are some specific scenarios for Class 1, and the
model is able to start to learn these nuances.
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4.3.2  Performance on unseen subjects

Our results show that the algorithm is capable of performing comparably on unseen subjects,
as shown by our test data, which was made of an unseen subject and on which the algorithm
performed comparably to the validation data. This suggests that the algorithm is able to
learn despite variations between subjects, and is valuable as a general algorithm, not a
subject-specific algorithm. A general pre-trained algorithm may be useful for devices that
are widespread in distribution, unlike other algorithms that require training and learning
to be done by the prosthesis user. While the algorithm is shown to be general, it will
still benefit from more training data with more subjects to improve performance. It is also
important to test on a wider variety of subjects, as our sample of subjects shared similar
traits, like age range and level of impairment. It is entirely possible that individuals with
other characteristics may experience different performance from the algorithm.

4.4 Limitations

This study found that a model can be developed for predicting the wrist rotations of subjects.
However, the algorithm was trained on data collected from intact subjects, and the amount of
training data is not large, especially for an architecture which prefers a considerable amount
of data, like the CNN. The size of the dataset used may lead the algorithm to issues of
overfitting, and the small amount of intra-subject variability in the dataset may have led the
algorithm to learn things that are not generalizable to the whole population. The goal of this
algorithm is to be able to predict the most natural motions for reaching tasks to remove the
cognitive load from a prosthesis user. However, the subjects in this dataset are not PWA,
and there might be a difference in the way that PWA approach reaching tasks in terms of
gaze.

4.5 Future Work

To address the issues mentioned above, a more comprehensive and representative dataset
could be collected in order to train the model to be more generalizable and have better
performance. Future implementations of this algorithms could also test different architec-
tures, like implementing autoencoders or siamese CNN architectures. The dataset before
any processing includes a time-series of gaze data and hand kinematic data. A future study
intending to explore the reaching task as a sequence could use this data in order to better
predict the final hand kinematic data by using an RNN or an LSTM architecture. The
improved algorithm could be robust towards saccades or gaze misdirections by considering
the entire sequence of gaze frames.
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The dataset collected and used in this study is comprised of the entirety of the hand joint
kinematics, not just the wrist. While we approach the problem of wrist rotation, a future
exploration of the other hand kinematics could be investigated on this dataset in order to
perform grasp classification, or even more ideally, mode-free full-hand kinematics prediction.

4.6 Conclusion

This aim was successful in developing a classification algorithm that can predict the optimal
orientation of the wrist in a reaching task. The effectiveness of this algorithm is not entirely
captured by the performance metrics, and so a user study will be performed to see the
effect of this algorithm on compensatory movements and reaching task success. This type of
predictive algorithm is the center of a predictive prosthesis controller, and gives insight into
natural human movement and ways to restore this to users of upper limb prostheses.
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Chapter 5

ANALYSIS OF PREDICTIVE WRIST CONTROL ON
VIRTUAL PROSTHESIS

5.1 User Study

To test the performance of the algorithm, we implement it in a virtual environment and
measure its performance in object manipulation tasks. Subjects in this study consisted of 5
right-handed subjects (4 males, 1 female) and 1 left-handed subject (1 male).

5.1.1 Sensors and Equipment

This experiment requires the capturing of gaze data as well as kinematic data of the forearm
and upper arm. To capture the gaze data, as well as run the experiment in Virtual Reality
(VR), a HTC Vive Pro Eye (Vive Pro Eye, HTC Corporation ), while Vive Trackers (Vive
Tracker, HTC Corporation) were used to capture arm kinematic data. We used the Tobii
SDK (TobiiXR SDK, Tobii ) eye tracking software and a Leap Motion Controller (Leap
Motion Controller, Ultraleap ) was used for a portion of the study.

5.1.2 Task

In a virtual environment, subjects perform object grasping and manipulation tasks. Before
any tasks, the subject performs a neutral pose calibration. Three configurations of the sub-
jects’ virtual hand were used: a full virtual reconstruction of the fully tracked hand (natural
condition), a virtual prosthesis with a static-wrist power grasp (wrist-locked condition), and
a virtual prosthesis with the wrist predicted by our algorithm (wrist-predicted condition).
In each configuration, a trial starts with an object spawning in a pseudo-random location
and orientation. the subject then places their hand in the pre-determined neutral position,
during which a yellow indicator light informs the subject that they are getting in the neutral
position. Once neutral position has been reached, the indicator light changes to red which
informs the subject to attempt to reach for the object. The subject then picks up the object,
whether by the physics of the real hand or by the open/close functionality of the virtual
prostheses, and moves it to a pre-determined location. The subject then opens their hand to
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drop the object in the box at the final location and the indicator light turns blue to indicate
that a successful trial has been done. The subject then has a second to rest before the next
object is spawned and a new trial begins.

In the static power grasp configuration, the rotation of the virtual prosthesis is controlled
solely by the movement and rotation of the forearm and upper arm trackers. The second
virtual prosthesis configuration includes the model which predicts the pronation/supination
and flexion/extension of the wrist, based on the user’s gaze on the object.

X

Figure 5.1: Demonstration of the predictive model. The object’s orientation allows for
multiple grasps, and the model predicts the wrist’s rotations based on the user’s gaze on the
object, indicated by the white ”x” marker.

For the prosthesis configurations, the virtual prosthesis movement was controlled by Vive
Trackers on the forearm and upper arm. A demonstration of the model in use is shown in
Figure 5.1 In each configuration, the objects are placed in the same configurations and
revealed to the subject in the same order. The set of objects used in this task is a subset
of objects previously used in the previous task, as well as new objects that were not used in
the previous task.

5.1.3 Data Recording

For the user study, we record various sets of data. The first set of data is the gaze frames
during each trial. This set is not used for data analysis, but rather for visualizations when
looking through the comparisons of the trials. The second set of data recorded is the 3D
orientations and locations of the forearm and the upper arm. These are recorded from the
Vive Trackers placed on the subject, and are used for the main data analysis later on. The
final set of data that is recorded are the times taken for different parts of the trial.
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5.1.4  Analysis and Performance Metrics

The three performance metrics that we look at are task times, range of motion for elbow and
shoulder joints, and a prosthesis performance metric (PHAM). There are two subcomponents
of total task time: preparation time and manipulation time. Preparation time is the time
from the neutral position to the time when the object is grasped, while manipulation time is
the time taken to move the object from the spawn location to the destination location. The
task time is the total time of the trial, or the sum of these two times.

Compensatory movements for a upper-limb prosthesis are generally shown in the range
of motion of the elbow joint, shoulder (shoulder) joint, and the chest/torso. In this study,
we disregarded the range of motion of the chest from analysis. The decision was made due
to the nature of the task that we had subjects perform. When picking up objects on a table,
most chest movement from the resting position will occur due to the placement of the object
on the table, regardless of the prosthesis configuration.

A global coordinate system was defined for the forearm, upper arm, and chest, and
calibration was used to determine the initial positions of the elbow joint and the shoulder
joint. This calibration recorded the neutral pose, where all values of angles are calculated
relatively. While the recording software was able to capture absolute angles of trackers,
it gives no information about the relative angles of these trackers. These angles must be
calculated with respect to the neutral pose. The neutral pose had the subject sit with the
shoulders relatively relaxed and had the elbows bent close to 90 degrees.

The elbow joint angles were calculated from the movement of the forearm tracker relative
to the upperarm tracker and the shoulder joint angles were calculated from the movement of
the upperarm tracker relative to the chest tracker. The flexion and extension angle was the
only joint angle calculated for the elbow joint, while joint movement in the sagittal plane
(flexion and extension) and coronal plane (abduction and adduction) was calculated for the
shoulder joint. Humeral rotation was not calculated, due to the lack of movement in this
plane during reaching tasks. The range of motion of each joint is calculated by finding the
difference between the maximum and the minimum joint angles.

For overall performance of the virtual prostheses, we use a modified version of a metric
developed by Yerrabelli et al [56] called the Prosthetic Hand Assessment Measure (PHAM).
This measure is a weighted sum of the 2D translational displacement of the hand, 3D devi-
ation of the chest, and 3D deviation of the shoulder. We substitute the 3D deviation of the
chest with the 1D deviation of the elbow, as this may prove to have more information than
the chest does in our selected reaching tasks and the 2D translation displacement of the hand
with the 2D translation displacement of the forearm. We also take out factors associated
with aspects of the study that were not present in our study, like the normalization factor
and the completion rate, which is replaced by completion time. Overall, the lower the value
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of the PHAM metric, the better that the configuration works as a useful prosthetic hand.
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For the analysis of all the performance metrics, we calculated the medians and averages over
all subjects and all trials within each subject’s session.

5.2 Results

The machine learning model was able to predict valid choices for wrist rotation given frames
of gaze data. In this section, we report the performance of the algorithm as a model, and
compare the impact that the model has when implemented in a virtual prosthesis.

5.2.1 Task Times

The task times, divided into preparation, manipulation, and total times, are shown in Figure
5.2

Across all subjects and trials, the real hand configuration has a median preparation time
of 2.44s, a median manipulation time of 1.58s and a median total task time of 4.02s. For
the same subjects and trials, the static power grasp configuration has median times of 3.81s,
1.75s, and 5.56s for preparation, manipulation, and total task time, respectively. The pre-
dictive power grasp configuration has 3.09s, 1.64s, and 4.73s for preparation, manipulation,
and total task time.

The real hand configuration serves as a baseline for natural, intact behavior in an object
reaching task. In line with this, we find that the real hand configuration has the smallest
median times for preparation (2.44s) times, whereas the wrist-predicted configuration has
the smallest median times for manipulation (1.64s).
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Figure 5.2: Box and whisker plot of the times for each configuration. There is little change
between configurations for manipulation time, while a reduction in preparation time is shown.

We test the hypothesis that the wrist-predicted configuration shows a statistical im-
provement from the wrist-locked configuration in both preparation time and manipulation
time. For all significance testing in this project, we use a 95% confidence interval, which
corresponds to an « value of 0.05. We run a one-tailed paired t-test to compare the two
experimental configurations, and the p-values for both preparation and manipulation times
are shown in Table 5.1. We see that in preparation time, p < «, which indicates a statis-
tically significant improvement. In manipulation time, we see that p > «, which indicates
that there is no statistically significant improvement in manipulation time.
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Table 5.1: P-values for each time in all configurations

‘ P-value
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0.25944

Preparation Time
Manipulation Time

Wrist-Locked Forearm Orientations Wrist-Predicted Forearm Orientations

Real Hand Forearm Orientations
= ® El
Q @ -
@ E B0 E 60 E-
I g “ g “ 2
n S »n = 0 af-':
0 8 0 3 0 E‘
20 5 20 S R
-0 T -0 T =40 6
o0 O w0 O —60
N N N
] Q;‘) ] 50\ o Q’Q"}
03 S
2 o e o
50 LX) 0 . L)
20 o _20 -0 XN
Orignp o & )(O_r-' 0 0 @
ENtgp & lenga 22 a R
tron? o & atiop &
J (da, o
8) A &)
Real Hand UpperArm Orientations Wrist-Locked UpperArm Orientations Wrist-Predicted UpperArm Orientations
W W @
QU (2]}
3 k] =
60 60 [
©§ © 5 S
» g » Ii]
o B o ¥ c
c < @
-0 @ L =
- -
120 o o
N N N
% 0 B

-40

Or, f@;; 2o 0
i g
€g) A

Figure 5.3: Overlaid 3D trajectories of all trials for a random subject. These trajectories
are visualizations of the paths that each arm segment makes, and differences in paths can

be seen in the wrist-locked and the wrist-predicted configurations.

5.2.2  Compensatory Movements: Elbow

The forearm orientations are shown in the top row of Figure 5.3. The range of motion of the
elbow joint is calculated by finding the difference between the maximum and the minimum
joint angles in the sagittal plane. The peak abduction and adduction is also calculated for
the reaching phase of each trial, and these are displayed with the range of motion in Table
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5.2.

Table 5.2: The peak joint angles and the range of motion of the elbow

Configuration ‘ Peak Flexion Peak Extension Range of Motion
Wrist-locked 32.56 1.00 30.26
Wrist-predicted | 25.95 1.00 23.73

The range of motion (ROM) in the elbow joint varies largely in both virtual prosthesis config-
urations. This may be because reaching from the neutral position encourages extension of the
elbow for the hand to reach the object. We find that the range of motion in the wrist-locked
prosthesis configuration is larger than the range of motion in the wrist-predicted configu-
ration. The wrist-locked configuration had both larger peak flexion and peak extension,
meaning that the ROM increase did not come from solely more flexion or more extension.

5.2.3 Compensatory Movements: Shoulder

The shoulder orientations are shown in the bottom row of Figure 5.3. The range of motion
of the shoulder joint is calculated by finding the difference between the maximum and the
minimum joint angles in the sagittal and coronal planes. The peak abduction and adduction
in these planes is also calculated for the reaching phase of each trial, and these are displayed
with the range of motion in Table 5.3.

Table 5.3: The peak joint angles and the range of motion of the shoulder

Configuration ‘ Peak Flexion Peak Eztension  Sagittal Range of Motion
Wrist-locked 44.39 18.86 14.06
Wrist-predicted | 46.01 29.02 12.02
Configuration ‘ Peak Abduction Peak Adduction Coronal Range of Motion
Wrist-locked 46.63 1.00 37.23
Wrist-predicted | 32.72 0.94 24.81

We find that the range of motion in the sagittal plane for the wrist-locked configuration is
larger than the motion in the same plane for the wrist-predicted configuration. For both
planes of motion peak ROM values, a Kolmogorov-Smirnov test was performed between
the wrist-locked configuration and the wrist-predicted configuration. The abduction and
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adduction ROM of the wrist-predicted configuration has a smaller distribution than the wrist-
locked configuration, and with a p-value of 0.0344, this constitutes a statistical significance.
The flexion and extension of the shoulder do not seem to have a statistically significant
change (p-value = 0.43).This is most likely because the objects are in front of the user, and
moving from neutral pose to the object is going to be similar each time in the coronal plane.
A visualization of the shoulder movements in the abduction and adduction plane is shown
in Figure 5.4

150 Wrist-Locked Shoulder Abduction Wrist-Predicted Shoulder Abduction
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Figure 5.4: Overlaid orientations over normalized time for the shoulder abduction and ad-
duction plane of movement. A distribution of larger ranges of motion for the wrist-locked
scheme is seen, as compared to a smaller distribution in the wrist-predicted scheme.

5.2.4  Prosthesis Performance Metric

The PHAM performance metric described earlier is calculated and shown for the wrist-locked
and the wrist-predicted configurations in Table 5.4

Table 5.4: Average PHAM values for each configuration

Configuration ‘ Average PHAM

Wrist-locked 8.131
Wrist-predicted | 4.541




40

5.3 Discussion

This study shows the validity of using gaze-based systems for wrist prediction to improve per-
formance of basic prostheses. We find that wrist pronation/supination and flexion/extension
are able to be predicted from gaze-centered vision data. When this algorithm is imple-
mented into a prosthesis controller, the performance is increased relative to a static power
grasp prosthesis. These results are in line with the idea that gaze plays a role in hand pre-
shaping in object manipulation tasks, as well as the idea that wrist degrees of freedom in
upper limb prostheses contribute to increased usability and lower prosthesis rejection rates.
Vision captures object geometry and information about the object like relative scale, but
centering the vision on gaze may provide additional information about intent in a reaching
task. Though intent was not explicitly tested in our experiment, eye-tracked gaze provides
granular information regarding grasping intent, which becomes valuable in non-laboratory
situations where multiple objects and affordances are almost always present.

The purpose of this study was not to compare against the state-of-the-art accuracy of
grasp prediction, but rather to demonstrate the value of incorporating gaze-centered vision
into grasping controllers. The results also focus on emphasizing the value of degrees of
freedom in the wrist when using prostheses. Robotic grasping studies tend to focus solely on
success of the robotic grasper to grasp the object. However, in order to assess the true value
of predictive models in prosthetic controllers, they need to be evaluated in a full human-in-
the-loop system. To our knowledge, there are no studies which compare prosthesis controllers
with all of the same performance metrics.

A fundamental groundwork for robotic grasping using vision and feedback-based learning
exists in previous studies. In works focusing on the approach of the hand to the object,
Rombokas et al showed that orthogonality of the hand to the object faces provided enough
information to calculate successfully the angle of approach [57]. While focusing solely on
one aspect of robotic grasping, this study shows that angle of approach can be analytically
calculated through depth cloud vision. Furthermore, Herzog et al previously developed an
algorithm to synthesize grasps based on object geometries and specific features of objects,
which could extend to unknown objects [58]. Object features, recorded as grasp-templates,
are learned and applied to later, unknown objects to calculate a suitable grasp. In studies
using a depth camera, like Saxena et al, success rates dropped on the chosen first choice
grasps when the depth camera only had one point of view of the object [41]. Future studies
mentioned by Saxena et al propose to avoid looking at object models at all and instead focus
on the identify only viable points of contact on an object. [41] Their approach consists of an
algorithm that takes multiple pictures of the object and triangulates the most likely points
of contact and uses force-closure gripping to pick up objects. Furthermore, this study proves
that avoiding a 3D reconstruction of the object’s model can prevent issues that come from
reflective or transparent object reconstruction.
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Figure 5.5: A comparison between the response when the predictive model made a large
difference on the left and the response when the predictive model did not make a difference,
on the right. The y-trajectory, a simple measure of shoulder trajectory in this task, is shown
respectively.
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We show that there are statistically significant improvements in the performance met-
rics when using our wrist-predictive system against a wrist-locked configuration. These
improvements are more pronounced in certain trials over others. The trials where there is
no improvement are trials in which the static power grasp is sufficient to grasp the object.
For example, in Figure 5.5, we show a trial with significant improvement and a trial with
no improvement. In the case of no improvement, the wrist-locked configuration would have
the same shape and follow the same trajectory as the wrist-predictive configuration. In
the case of significant improvement, it is clear that the wrist-prediction allows for an easier
grasp, while the wrist-locked configuration must perform compensatory or strenuous extra
movements to achieve a valid grasp on the object. The choice of using a power grasp for
comparison was driven by our knowledge that a power grasp with the whole hand is one
of the most common grasp choices for everyday object manipulation. If a different grasp
was chosen for comparison, it is likely that a smaller amount of trials would show little im-
provement. However, in the cases of no improvement, it is important to note that there is
no decrease in performance, and the wrist-predictive model is suited to handle these cases
as well. We can in Figure 5.6 a histogram of the ranges of motion to further see that in
general, the model reduced compensation significantly. These distributions reveal that the
model was helpful for most cases, although there were still some object configurations which
did not have a difference between the configurations.
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Figure 5.6: Counts for all trials over the wrist-locked configuration and the wrist-predicted
configuration.
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A motivation of using a predictive model was to reduce the cognitive load on the user
of the prosthetic hand. We found that when using wrist-locked configuration, there was
a statistically significant increase in shoulder compensatory movements, when compared
to the wrist-predictive model. While this effect is found in other studies [59], the cause is
undocumented. We believe that this effect is due to the increase in cognitive load when having
to perform compensatory shoulder movements. These compensations are unnatural to most
subjects, and so by also implementing a different degree of freedom (elbow extension/flexion),
the subject may focus better on task execution. The idea of a larger cognitive requirement in
the wrist-locked configuration is also supported by the larger task times for this configuration.
A larger task time indicates a higher task difficulty or complexity [60], and since trials were
identical across both configurations, the most likely reason for this increase in complexity
was the use of extra shoulder movements. The presence of the extra complexity may have
caused some subjects, intentionally or not, to use more movement in the elbow to reduce
complexity to a comfortable level.

The results show that there is a statistically significant difference for shoulder range of
motion in the abduction and adduction plane between each configuration. The majority
of the difference comes from the change in shoulder abduction (median peak angle is 50
degrees) rather than adduction (median peak angle is 3 degrees), which can be explained
by the neutral pose during calibration. These angle value are calculated with respect to the
neutral pose, where the value of the shoulder sagittal plane angle is 0 in the neutral pose.
Subjects at neutral pose have low degrees of adduction, hence further adduction is unlikely.
However, the flexion and extension of the shoulder are not statistically different between each
configuration. This is most likely because the objects are in front of the user, and moving
from neutral pose to the object is going to be similar each time in the coronal plane.

5.4 Limitations

A limitation of this study is the amount and type of data in the training dataset. The model
architecture of the convolutional neural network is known to require a considerable amount
of data to train. This is to avoid overfitting because deep CNNs have large amounts of
parameters which can overtrain quickly on a small amount of data. While the model was
shown to perform well enough in the user study, the amount of error in the model performance
would not be adequate for use in a prosthetic controller used by an actual PWA. Furthermore,
the data is imbalanced between the different poses, with one pose comprising of over 51%
of the dataset and the smallest class comprising under 2% of the dataset. While this may
accurately reflect the choices made by intact humans, the imbalance in the data can be a
problem for evaluating the model. The smallest class has the smallest Macro F1 score and
is underrepresented in the training, so the model will not perform as well when it comes
to the smallest class. Though we do not attempt object classification or provide labels, it
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is inevitable that our limited training dataset does not cover all possible object geometries.
Furthermore, both the data collection and the user study use a virtual environment. Virtual
reality artifacts like eye strain, extra weight on the head, and latency all have an impact on
the subject, which may extend to the results of the study.

Furthermore, the data from the collection stage was sparse, as it was a frame of gaze
centered around an object. Most frames had a margin of zero values, though the width of
this margin on each side varied due to the gaze location on the object. This sparsity of
the data can make it difficult for many other choices of architectures to learn [61], but this
problem can be mitigated using slow pooling layers [62]. This configuration consists of the
use of many small (2x2) pooling layers instead of fewer large (3x3,5x5) pooling layers. This
was tested in this design, but was not found to have significant improvement.

5.5 Future Work

In this study, we used a classification-based system for predicting the wrist rotations. An
interesting comparison would be to perform a user-study with a regression based system.
The presence of rotations in between the designated classes indicates that there are a small
number of cases where regression could predict a more accurate angle.

We also used a relatively simple convolutional neural network due to the small size of the
training dataset. This was done to prevent overfitting, which can happen to architectures
with a large amount of parameters but a low amount of data. We not only expect to have
much better performance of the model with more data, but also the opportunity to try
different variations of the CNN architecture.

In this work, the data collected was centered around the gaze of the user. To further
prove the impact of this gaze-centering, a better approach would be to collect additional data
from a static point, similarly to robotic grasping experiments. With both of these datasets,
a model could be trained for each and a more concrete comparison between the vision data
and the gaze-centered vision models could be performed.

In the user study portion of the study, we used a Virtual Reality environment, which
has drawbacks described above. Furthermore, the virtual nature of the objects and the
prostheses cannot compare to the experience of using a physical system with real objects.
Another implementation of our user study with a real prosthesis with wrist degrees of freedom
would be useful to gauge the impact of gaze-centered vision in the wrist-predictive model.
This implementation would allow for any subject, intact or PWA, to be able to use the
system as long as their eyes are able to be tracked. A more comprehensive study in the
physical environment would be able to further solidify our findings.
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5.6 Conclusion

A model to predict wrist rotations from eye-tracked gaze was trained from a dataset collected
from 6 subjects and evaluated with a user study. In the user study, the wrist-predicting model
was implemented into a virtual prosthesis and compared against a wrist-locked prosthesis.
The comparison was evaluated with task times, elbow and shoulder movements, and a pros-
thetic hand performance metric. We find a statistically significant improvement in task time
and shoulder compensation when using the wrist-predictive prosthesis. Gaze-centered vision
holds important information about the user’s intent when reaching towards and object, and
the prediction of wrist rotations has a big impact on the performance of low-complexity
prosthetic hands. With further exploration and data, the performance and usefulness of the
algorithm would become more evident.
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Chapter 6

CONCLUSION

The goal of my research is to create predictive systems for assistive technology in people
with amputations (PWA). I worked in data collection for lower limb stair descent tasks, and
the majority of my research focuses on building and testing a system that can predict wrist
rotations to help PWA with upper limb amputations with daily reaching tasks.

In the first project (Chapter 3), I explore various data collection methods for lower limb
amputations for a project called SmartStep. During this project, I first assisted with the
data collection using a different kind of motion capture, optical motion capture, and ground
force plates in order to collect gait data of subjects responding to tactile feedback when
walking. This data was used to explore the required time it takes for users to modify their
gait after receiving haptic cues. The second portion of the project consisted of data collection
of 101 intact subjects descending stairs. Motion capture systems and foot force sensors were
used during this collection. This large dataset was used in order to predict the future foot
placement of a user walking down a set of stairs. These projects interested me in the ability
of algorithms that can predict human motion during daily tasks.

My next project (Chapter 4), was an investigation in how models can be used in order
to assist reaching tasks in users of upper limb prostheses. In this chapter, I performed data
collection on subjects in Virtual Reality reaching for objects, and recorded eye-tracked gaze
data and hand kinematics. This data was used in order to create a model that could predict
wrist rotations by using frames of gaze data. The model consists of a convolutional neural
network and outputs classes of wrist rotations. The primary finding from this project was
that a model of acceptable accuracy is able to learn, from gaze data, which class of wrist
rotations mimic the most natural human choices.

The model was validated by a user study (Chapter 5), in which users were asked to pick
and place objects using different configurations of a virtual prosthesis (real hand movement,
a wrist-locked grasper hand, and a grasper hand with the wrist rotation predicted by the
model). The performance of the prostheses were evaluated by looking at the completion
times, the ranges of motion of elbow and shoulder, and a prosthesis performance metric.
The main finding from this user study was that the model-predicted configuration was able
to reduce total task times, and reduce the amount of shoulder movement, or compensation,
that the user had to do, compared with the wrist-locked configuration. This indicates that
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the model has value when implemented into a prosthesis with simple open-close capabilities.

The results from Chapter 3 show the value in using prediction for a lower-limb assistive
device called SmartStep. This device uses a model that predicts the future foot placement
and cues to the user to adjust their step accordingly. This device may be used in a real-world
implementation with more consideration in the future. SmartStep may be useful for not only
those with lower limb prostheses, but also with limb impairments, elderly people, and other
users who have trouble with stair descent.

The results from Chapter 4 and Chapter 5 show that there is information in a subjects’
eye-tracked gaze, which can be used to predict the most natural wrist rotations of the user
through a model, called Gaze2Grasp. This model is useful for users with upper limb prosthe-
ses to more easily grasp and manipulate objects, as well as perform daily tasks. Gaze2Grasp
would be able to be easily implemented into any upper limb prosthesis with wrist degrees of
freedom with relative ease and minimal modifications. In the future, Gaze2Grasp could be
modified for other purposes, like predicting full-hand kinematics for a grasping task, or for
predicting wrist rotations in other tasks, like terrain navigation. In general, tasks which use
vision heavily and require hand kinematic output could benefit from the use of an algorithm
like Gaze2Grasp.

Overall, the prediction-based systems done in my research show that predictive, data-
driven methods are robust and generalizable. The use and implementation of these methods
in prostheses and devices lead to lower decision times, a lessened cognitive load, and decreased
physical compensation. The prediction of smaller, more achievable aspects of tasks, like foot
placements and wrist rotations, can help the user in impactful ways.
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