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Mechanical Engineering

Powered lower limbs are getting more capable in their hardware capacity but their control
is still challenging. The state-of-the-art simplifies the control needs for the vast multitude of
real-world activities by categorizing them into a handful of commonly encountered activity
classes or “modes”, such as flatground mode, stair ascent mode, etc.

This dissertation aims to improve prosthetic lower limb control by focusing on the two
challenges with using modes: 1) Estimating and handling the transitions between modes,
and 2) Providing a larger repertoire of movements encompassing atypical and unstructured
activities, such as side-shuffling and obstacle avoidance.

Human locomotion exploits coordination between vision and body movements to effi-
ciently navigate an environment. It is a continuous motion fluidly adapting to the envi-
ronment and not always categorizable into modes. We draw our inspiration from these
facets of human movement to address the two challenges. We introduce a novel Coordinated
Movement (CM) controller capable of generating continuous movements for all the desired
movements. We use vision to directly sense the environment and anticipate transitions in
advance.

Our CM controller exploits the strong inter-joint coordination exhibited in a typical
movement to predict the trajectory of the prosthetic joint from the motion of the rest of
the body. This novel approach unifies all the desired movements into a single controller and
generates continuous kinematic reference trajectories without explicit modes or transitions.
The underlying deep-learning model can be easily re-trained with new movement data to
facilitate expansion of the movement vocabulary. Our real-time tests of the CM controller
sheds light on practical challenges encountered when moving from offline analysis to real-time
hardware, while also providing avenues for future improvements.

Vision sensors can be a window into the upcoming activities of the user to improve
prosthetic transition performance. However, a significant bottleneck in employing vision
classifiers to predict prosthetic mode labels is the resource-intensive process of manually la-
beling the data. This process is prone to subjective bias and limits the number of movements



to a handful of typical modes. We introduce an unsupervised method to label training data
which allows the natural movements to dictate the number and characteristics of the gener-
ated modes. We demonstrate that a neural network model trained on these auto-generated
mode labels can predict terrain changes prior to the kinematic changes of the user. Higher
accuracy on a limited training dataset, and better generalizability is achieved by leveraging
the technique of transfer learning.

The sensing and control strategies delineated in this dissertation can be applied towards
a more natural experience of powered lower limbs.
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Chapter 1
INTRODUCTION

Powered limbs are getting more and more capable in their hardware capacity. The new
devices are lighter and more powerful, with multiple joints and degrees of freedom [9], 25,
22]. The active power provided by powered prostheses mitigate compensatory gait patterns
towards long-term benefits for users [104], 34 [53].

Given the vast space of possible movements, intuitive control of powered limbs however
is still challenging [96]. Categorization of activities into a handful of “locomotion
modes” comprising the most commonly encountered terrains and activities such
as flatground walking, stair ascent, etc. has been an effective and prominent
strategy [32, 41, 09]. The gait cycle within a mode is further divided into phases (swing,
stance), each with distinct controllers and control parameters. The selection of mode for any
given instant is done using pattern recognition of sensor data by machine learning models
(SVM, LDA, or ANN;, etc). The current state-of-the-art uses a combination of EMG and
mechanical sensors as inputs to understand user intent and environment needs[91].

1.1 DMotivation

Problem 1: Environment Transitions Successful prosthesis control has two important
requirements: 1) Understanding user intent, 2) Understanding the dynamic needs of the
environment and activity. Electro-myogram (EMG) and mechanical sensors are ideally suited
for the first requirement as they provide a direct window into the user state. Their ability
to understand the environmental features however, is limited and indirectly derived through
user actions. They are also limited in their ability to provide a long window into the future
actions of the user and the upcoming environment changes (Fi. These factors have
resulted in relatively worse performance during transitions. [31} [99)].

EMG is also limited in its ability to recover from errors as the system is relying solely
on the user state to indirectly gauge the demands of the current environment[32]. Ex-
plicit sensing of the environment with ability to anticipate changes will improve
robustness and overall performance [96].

Problem 2: Unique and Non-Rhythmic Movements The mode based control strat-
egy is efficient to tackle the most commonly encountered activities involving rhythmic move-
ments. However, physically active powered prosthesis users cite challenges during unstruc-



tured activities, that require unique non-rhythmic movements (sports, getting in and out of
cars)[28]. Users often prefer passive devices for their simplicity while adopting compensatory
movements which can be physically demanding and detrimental [49, [50]. A possible solution
could be to define more modes to encompass more types of activities. This requires the
construction of more mode-specific controllers and makes the task of choosing the ‘right’
mode more difficult. A control strategy to address unstructured and non-rhythmic activities
is necessary to fully leverage the benefits of powered limbs.

1.2 Research Aims

To summarize, the two limiting aspects of current mode-based prosthetic control are 1)
Estimating and handling the transitions between modes, and 2) Providing a larger repertoire
of movements. In this dissertation, we present three approaches that address these two
problems.

Aim1: Visual Localization for FExplicit Environment Sensing

The ability to anticipate transitions in advance would allow for triggering a change in controls
at the right moment. EMG activity precedes a change in physical behavior with less than
100ms lead time [§]. For these reasons, vision as a sensing modality has recently garnered
interest in research settings[112], 114 107, 117, 52].

Our first approach addresses Problem 1 by using vision for explicit environment sensing.
This method utilizes visual features to estimate the position of the prosthetic device in a
pre-mapped environment. The appropriate mode for a given instant can be deduced from the
estimated location. This requires prior knowledge of the map and the appropriate locomotion
modes for the locations within it.

This approach improves fault tolerance by sensing the environment. The location of the
prosthesis cross-referenced with known locations of transitions could be applied to anticipate
upcoming transitions before the EMG or the body kinematics reflect the change.

Aim 2: Coordinated Movement: Continuous and Unified Control for Unstructured Terrains

Our second approach illustrates the data-driven CM controller which generates a continuous
prosthetic reference trajectory, eliminating the need for the discretization of activities into
modes and explicit transitions from one mode to another (Fig[£.5). The CM controller is
continuous because it uses no concept of discrete gait events or phase, and unified because it
is a single controller that provides control for multiple activities, without switching modes.
Previous attempts [84] [78] at continuous prosthetic control have aimed at unifying the gait
phases (swing, stance, etc) but within the same mode (flatground). The CM control strategy
achieves continuity across gait phases and different gait modes.

We exploit the strong inter-joint coordination of human movement to predict the kine-
matic trajectory of a single joint based on the movement of the rest of the body. This



Terrain Classifications
T T T T

4 T T
| )/— — == |
/'
[}
s
—_ 2 <—— Downstair .
£ \
Q 1
46 [ 4
€ A == Terrain Boundaries
- 1r 1 == == Vicon Ground Truth 7
g 'I Tango Estimation
B \
o \ <— Platform
s o . -
T
N }
<—— Upstair
-1+ i
~\.".- — -”
2 _
1 | 1 1 1 1 | 1
-1 -0.5 0 0.5 1 1.5 2 2.5 3 3.5

X direction (meters)

Figure 1.1: Example location data for a single trial from the VICON motion capture system
and the mobile localization device.



predicted kinematic trajectory could be used as a reference to control a prosthetic actuator
joint in real-time. All predictions had an Root Mean Squared Error (RMSE) of less than 7
degrees. .
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Figure 1.2: figure

Ankle joint predictions showing continuous seamless transition from flat ground walking to
stair descent.

Aim 8: Unsupervised Labeling of Terrain Modes and Vision for Prosthesis Control

In our third aim, we address the need for a richer repertoire of movements while still retaining
the benefits and tractability of a mode-based strategy (Problem 2). Mode-based control has
the advantage of being more predictable and tractable, at least when the desired behaviors
lie within the modes. However, optimizing mode-specific controllers can be laborious and is
prone to bias. Here, we introduce a method for choosing modes that arise from the data,
and for estimating them from vision.

We let the regularities present in natural movements dictate the number and character-
istics of modes. Kinematically similar knee gait cycles are clustered. These cluster labels
constitute "modes,” by virtue of their similarity in the data, instead of human assumptions.
This allows for supervised training of a vision classifier, using cluster labels as classes. We
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the stairs. Vision can also provide information about current environment to provide fault
tolerance and improve robustness



address Problem 1 by using the model generated labels to train the vision classifier to detect
the environment and transitions almost 1.8 seconds prior.

Secondary Aim: Real-time Tests on Open Source Prosthetic Leg

We successfully evaluate the CM controller on a subject performing treadmill walking wearing
a robotic prosthetic leg. This continues the work from Aim 2 which offered general insights
to the approach using offline results. Actual real-time performance generally varies due to
practical and physical constraints underscoring the need to evaluate performance on a real
hardware testbed.

A CM controller was built to 1) acquire and process live kinematics as inputs from a
wearable motion capture suit, 2) predict the missing joint kinematics (right knee) using a
pre-trained neural network, and 3) actuate the knee joint of the Open Source Leg (OSL)[10]
in real-time. The neural network was pre-trained on offline flat-ground walking data (to
match the treadmill walking). The controller ran on a GPU powered laptop tethered to the
OSL.

Several key insights and future improvements were highlighted during these tests. While
the offline analysis in Aim 2 had the benefit of using the clean post-processed data, the
real-time control did not. This, compounded by a significantly different calibration process
compared to able-bodied subjects, impacted performance. The trade-off between the faster
response time of the actuator and stiffer control was also observed and experiments on a
bench-top platform were conducted to further explore this.

1.3 Dissertation Summary and Outline

This research aims to improve prosthetic control by focusing on performance upgrades while
transitioning from one type of mode to another (Problem 1), and the movement demands of
unstructured activities (Problem 2).

We present a novel continuous controller that obviates the categorization of movements
into modes and an explicit transition mechanism. A single controller can effectively generate
movements for all the desired activities. The control strategy was robust to subject-specific
variations such as walking speed and step length. Prior to practical deployment, the choice
of RMSE as a metric and the degree error reported in this study should be thoroughly
substantiated. Experiments validating the suitability of prescribing normative kinematic
trajectories collected from able-bodied subjects on amputee users are needed.

We present two methods for using computer vision to improve terrain understanding,
especially for predicting transitions in advance. Despite high accuracy reported in studies,
including this, the practical deployment will require rigorous testing in diverse and unstruc-
tured environments. A control scheme integrating vision with other sensor modalities and
prosthesis should be the focus of future research.

Our real-time tests shed light on practical challenges encountered when moving from
offline analysis to real-time hardware. In real-time, the lack of clean processed motion capture



data as inputs to the system can result in performance drop relative to offline predictions.
Presumably, this could be mitigated by factoring in the noise in the training stage or by
adapting an impedance-based control.

The goals and proceedings of this research are structured thus:

e Chapter 1: Introduction of motivation, research aims and implications of this research.

e Chapter 2: Background into current strategies for prosthesis control.

e Chapter 3: Aim 1 Explicit environment awareness using visual localization.

e Chapter 4: Aim 2 Data-driven continuous control for non-rhythmic movements without
modes (Coordinated Movement (CM) Controller).

e Chapter 5 Aim 3 a) Automatic unsupervised labeling of training data to define new
modes directly from data.

e Chapter 6 Aim 3 b) Vision classifier using auto-generated labels for explicit environ-
ment sensing and to anticipate transitions.

e Chapter 7: Real-time systems tests of the CM controller on a robotic prosthetic leg.

e Chapter 8: Conclusion.



Chapter 2

BACKGROUND

Background on prosthetic control

Most current prosthetic control architectures can generally be described as a 3-layer hierarchi-
cal Finite State Machine [96, [I13]. Intent recognition or estimation of the user’s locomotive
intent is performed as the high level. The mid level translates this intent to generate a
corresponding biomechanical reference trajectory. The low level comprises a device-specific
controller responsible for tracking the trajectory.

At the high level, the controller must perceive the user’s locomotive intent. Two main
strategies are observed here are direct volitional and mode based control.

Direct Volitional Control Direct volitional control allows the user to directly modulate
the actuator’s position,torque based on EMG activity[38, B7]. Such functionality is suited
for non-periodic or non-locomotive activities and those which require precise positioning of
the limbs. Recently, [88] demonstrated bi-directional signalling using agonist-antagonist my-
oneural interface (AMI). AMI is capable of not just efferent control of an external prosthesis
but also provide an amputee’s central nervous system with musculotendinous proprioception.
Direct volitional control is especially important in scenarios where the locomotive activity is
irregular or noncyclic. However, most work in this is at a rudimentary phase and research
has focused on cyclic and long-term repetitive activities in the form of mode based control.

Mode-based Control Most high-level intent recognition is based on modes of operation
corresponding to activities, such as flat-ground walking, running, or stair ascent. Threshold-
based rules have been used to trigger transitions from one mode to another in earlier
devices[99]. More recently, machine learning techniques have used labelled examples of
modes to estimate the current mode and transitions. Several different sensing modalities
have been used for estimating the environment and the user intent. Mechanical sensors
measuring forces, position, etc. are the most common. [99, 89, GI]. To get a more direct
window into intent, there continues to be interest in using electromyogram (EMG) signals
from the residual limb [41], 44]. Other sensors include socket capacitance[I16]. We review
these methodologies in the following sections.



2.1 DMode-based Control: Prior Art

2.1.1 Phase-based vs Non-phase-based control

In phase-based control, a set of actions is performed based on a programmed time delay
following a clearly identifiable gait event. This control strategy relies heavily on the reg-
ularity of the gait phases. A weakness of this strategy is that it cannot handle abrupt
mid-phase changes in activities. Each gait cycle must begin with the particular gait-phase
(e.g, heel-strike). This strategy also inflexible to accommodate irregular or unprogrammed
gait patterns (e.g, walking in a crowd or over rocky ground), unexpected events such as
tripping. Most phase-based control are implemented as Finite State Machines decomposing
individual gait phases, for each activity mode[86, 41]. This is the most popular strategy
despite requiring several parameters to tune[87).

In non-phase based control, Complementary Limb Motion Estimation (CLME) infers the
intended motion of affected limbs from the motion of the residual limbs, and maps this to
a reference trajectory for robotic P/O joints to track[97]. This exploits the strong inter-
joint coordination exhibited during physiological human motion[I2]. The mapping is derived
through regression of physiological gait recordings of healthy subjects.

A more recent success in non-phase based control strategy uses virtual constraints to de-
fine joint trajectories as functions of a monotonic phase variable that continuously represents
the gait cycle across the entire stride[78]. The phase variable is computed from residual thigh
motion, giving the amputee control over the timing of the prosthetic joint patterns. This
strategy reduces the number of tuneable parameters. The holonomic nature of human gait,
and the user-controlled progression of control allows performing activities such as backward
walking and walking over obstacles. [84].

2.1.2 Sensing

Two basic requirements of safe, intuitive powered prosthesis control are: 1) Understanding
user intent and, 2) Understanding environment and activity demands. For example, stair
ascent or side shuffling into restaurant booth.

User-intent Sensing

Current control strategies focus more on user intent and indirectly gauge the environment
by measuring user state. The sensing modalities used for user intent recognition are:

BCI and EEG: Despite a lot of recent interest in Brain Computer Interface (BCI) for
neuro-prosthetics [64] and upper limb control, there have been limited studies using BCI in
lower limb control. Only experiments with rhesus monkeys were found in the review[54].
Electroencephalogram (EEG) has garnered recent interest perhaps with advancement in the
non-invasive sensor technologies [24].
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Mechanical sensors: Some researchers [99] [89] [61] have applied multiple mechanical
sensor feedback, such as 6-axis IMU, Force Sensitive Resistor and load cell for the purpose of
volitional control. Initial results in [99] showed 100% identification of static locomotion mode
and transition in and out of sitting to standing mode with a delay of 500ms. In comparative
real-time studies, 84% of results achieved the desired identification [32]. However, authors
in [I8] state that a delay of more than 300 ms could be perceived adversely by the user and
hence such a mechanical sensor based control would not be feasible. Despite their positives,
mechanical sensors do not offer an easy window into the future intent of a user.

Electro-Myogram: EMG based volitional control has recently been studied in more de-
tail [3I)[I1T][86][32] [110] following decades of research [I8][74]. Huang et al showed that
EMG and Pattern Recognition can be used to determine a user’s current gait phase despite
the non-stationary, time-varying features of EMG[41] with an average accuracy of 90% using
a Linear Discriminant Analysis (LDA) classifier. Their results were more impressive with a
fusion-based feature set using EMG and mechanical sensors with 99% accuracy in one study
using a Suppor Vector Machine (SVM) classifier[42]; however, they were post hoc offline anal-
ysis. A subsequent case study by the same group showed Targeted Muscle Re-innervation
(TMR) could further improve accuracy and reduce critical errors[31]. In a randomized clin-
ical trial[32], the real-time accuracy for Neural Machine Interface (NMI) was approximately
92% with a Dynamic Bayesian classifier which factors the time history of features. Huang et
al[40] used a probability-based model to demonstrate that prior knowledge of an environment
can further improve Neural Machine Interface performance and lead to more stable transi-
tions. However, ”prior knowledge” of the environment was artificially achieved by altering
probabilities by hand. Vision-based sensors were mentioned as possible ways to directly sense
the environment and update these probabilities automatically.

Environment Sensing: Explicit vs Implicit

In a comprehensive review of assistive technologies, Tucker et al. [96] refer to methods
involving Mechanical or EMG sensors as implicit environment sensing, because the controller
builds an understanding of the environment by measuring user and device state. However,
relying wholly on the user’s state limits the possibilities of error detection and fault tolerance
[32]. When the user reacts to an erroneous mode classification, their behavior can result in
further classification errors. This can produce a propagation of errors and force the user to
stop to reset the system. They are also limited in their ability to provide a long window into
the future actions of the user and the upcoming environment changes. Fxplicit environment
sensing could provide a parallel pathway to estimate the appropriate mode for the current
terrain without relying only on user behavior. [40].

The ability to directly sense the environment, and anticipate transitions in advance would
allow for triggering a change in controls at the right moment. Vision sensor is particularly
suited for both of these requirements.



11

Direct Terrain Classification entails training a system to estimate terrain types (eg. stair,
ramp) based on raw sensor data. This approach often requires manual calibration of the
thresholding parameters, such as stair-rise or slope/incline of the ramp, needed to differ-
entiate among terrain types. Huang et al. [58] have designed such a system to provide
environment information via laser distance meter. However, the unidirectionality of the
laser makes details such as the mounting height and the angle of inclination toward the
floor critically important. The need for subject-specific calibration, such as stride length and
device mounting height, also limits the wide-spread deployability of this system.

Krausz et al. [47] demonstrated scene segmentation using a depth camera for stair-ascent
transition detection. Several practical difficulties with this approach were discussed by the
authors including fixed height offset to detect floors, motion artifacts causing false detections
during dynamic situations, and limitations caused by the angle of approach.

Advancements in vision sensors and miniaturization of powerful computing have allowed
leveraging the improved performance of deep-learning for vision classification towards pros-
thetic control[48]. [62], 107] use depth sensors to classify terrains using support vector ma-
chines and finite state machine networks. [52) 117, [114] use deep neural networks on RGB
camera data towards identifying terrain prior to kinematic changes are reflected on the user.

Vision for localization These studies demonstrate the potential benefits of obtaining
explicit environment and terrain information directly from vision data. In contrast visual
features can also be used towards estimating the location of a prosthesis in an environment.
The location estimates cross-referenced with a map of terrain boundaries can be used for
predicting current terrain and upcoming transitions. This localization based strategy was
investigated as one of our primary aims and will be discussed more in detail in the following
chapter.

2.2 Challenges of Mode-based Control

Having established a broad overview of mode-based control, we now discuss the challenges
of this strategy. Given the vast space of possible movements, categorization of activities into
a handful of “locomotion modes” comprising the most commonly encountered terrains and
activities is an efficient technique. The gait cycle within a mode is further divided into phases
(swing, stance), each with distinct controllers and control parameters. Control is transitioned
between phases, within a mode, using a finite state machine approach. Each state uses a
set of static parameters that are hard-coded into the controller. This approach quickly
becomes unwieldy, as the number of tune-able variables rapidly increases with the number of
parameters per control law, the number of states per activity, the number of activity modes,
the number of joints to be actuated, and the number of limbs to be controlled. This has
led to several independent studies exploring ways to manage [87] or using re-reinforcement
learning to automatically tune these parameters [101].
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2.2.1 Problem 1: Challenging transitions

EMG and mechanical sensors, most commonly used sensors for selecting the activity modes,
are ideally suited to provide a direct window into the user state. They are able to understand
the environment however is limited and indirectly derived through user actions (implicit
environment sensing). Perceiving the environment indirectly compromises the fault tolerance
as system tries to read the erroneous user state to rectify an error. In most cases, the user
is forced to stop to reset the system. [32].

EMG activity can precede kinematic changes, but generally no more than 100ms [8].
Mechanical sensors offer even less future prediction horizons (Fig. [6.1)). Late detection of
terrain change precludes triggering mode transitions on time resulting in unsafe and choppy
response. This has resulted in relatively worse performance during transitions. [31], [99].
With most walking bouts lasting less than 30 seconds [69], mode transitions are common
and inconvenient [28]. Given these challenges, users often prefer passive devices for their
simplicity while adopting compensatory movements which can be physically demanding and
detrimental [49] [50].

Vision for environment sensing Humans use vision to look at upcoming terrains to
anticipate changes and fluidly adapt to them. Even with wide variability of terrains, humans
consistently looked 1.5 seconds ahead of their current location [63]. This is similar to look
ahead timing seen in research on other motor actions—stair climbing suggesting that this tim-
ing plays an important role in human movement [72]. Computer vision is user-independent
and allows future intent prediction upto 2 seconds in advance with high accuracy [114) [117].

To apply vision as an input sensor for prosthesis is not a trivial problem as very differ-
ent visual scenes can have the same desired behaviour. A common approach is to train a
classifier on images as inputs and corresponding mode labels as targets. Studies currently
employ manual methods of labelling, which is time and resource consuming, even for modest
number of modes [52, 62], [114] 117]. For example, [52] 37K vision frames hand labeled for
single subject and 3 modes. There is subjectivity associated with manually labelling the
environment classes, particularly near transitions[52) [62]. For transitioning from staircases
to level-ground environments, the images were labelled as staircases whenever the staircase
was visible inside the sampled field-of-view.

Data collection could be designed to aid labelling by restricting inputs from only one
kind of terrain for any given session [I14]. However, this omits the transitions which is the
more challenging and needed scenario to be targeted.

As one of our primary aims we address the control challenges surrounding transitions
using vision to provide explicit environment information. To label the vision without manual
bias and effort, we introduce a method for choosing modes that arise from the data. We
let the regularities present in natural movements dictate the number and characteristics of
modes. These cluster labels constitute "modes,” by virtue of their similarity in the data,
instead of human assumptions. This allows for supervised training of a vision classifier, using
cluster labels as classes. We discuss this more in detail in Chapter 6 pertaining to Aim 3b.
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To summarize problem 1, explicit sensing of the environment with ability
to predict future terrains will prevent the propagation of errors, improve fault
tolerance, and transition performance. Vision is ideally suited for this, however,
predicting terrains from vision requires large amount of hand labeled training
data.

2.2.2  Problem 2: Unique and Non-Rhythmic Movements

The mode based control strategy is efficient to tackle the most commonly encountered activi-
ties involving rhythmic movements. However, physically active powered limb users cite chal-
lenges during unstructured activities that require unique non-rhythmic movements. Sports,
getting in and out of cars or restaurant booths, obstacle avoidance, and navigating uneven
terrain are examples of activities of daily living that do not cleanly correspond to commonly-
used control modes.

A possible solution could be to define more modes to encompass more types of activi-
ties. This requires the construction of more mode-specific controllers and makes the task
of choosing the ‘right” mode more difficult. Moreover, construction of new modes requires
labelled examples to train a machine learning model. This, as we discuss above, is time and
resource consuming process prone to subjective bias.

A control strategy to address unstructured and non-rhythmic activities is necessary to
fully leverage the benefits of powered limbs.

As part of our primary aims, we demonstrate two approaches to address the dearth of
movements in current control strategies. We show a method to create new modes to augment
the current mode-based strategy, which inherently relies on categorization of movements into
finite classes. However, our method allows movements in the data to dictate the categoriza-
tion and characteristics of the modes. This method also facilitates labeling of training data
with the corresponding mode label. We discuss this methodology more in detail in Chapter
5 which elaborates Aim 3a.

Our second strategy is a data-driven controller that provides all desired movements,
without categorization into modes. The controller applies a deep learning neural network to
generate all the movements present in the training data. New movements can be added by
re-training the underlying neural network with new activities. We discuss this approach in
Chapter 4] which delves into Aim 2: Coordinated Movement Controller.

To summarize problem 2, unstructured and un-rhythmic movements desired
by active powered limb users are currently not encompassed in the mode-based
repertoire. Labelled training examples of movements are needed for increas-
ing the number of modes. Alternatively, a data-driven continuous and unified
controller can generate all the desired movements obviating modes and labelled
examples.
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Chapter 3

AIM 1: VISUAL LOCALIZATION FOR PROSTHETIC
CONTROL

A major hurdle for the widespread use of wearable assistive devices is determining,
moment-by-moment, the control mode appropriate for a given terrain when faced with a
complex, multi-terrain environment. Current control strategies focus mainly on measure-
ments of user behavior and less on environment information. This strategy has resulted in
lower performance during terrain transitions.

The ability to anticipate transitions in advance would allow for triggering a change in
controls at the right moment. EMG activity precedes a change in physical behavior with
less than 100ms lead time [8]. For these reasons, vision as a sensing modality has recently
garnered interest in research settings[112, 114 107, 117, 52].

Our first approach addresses the problem of transitions by using vision for explicit envi-
ronment sensing. We demonstrate the application of location estimates from a vision-based
localization system to obtain environment awareness by delineating various terrains into re-
gions. Given the current location and region occupied by the user, a controller could be built
to select appropriate modes, predict transitions, or to add error correction.

We report the percentage accuracy of the classification and temporal accuracy in detecting
terrain transitions. This approach improves fault tolerance by sensing the environment.
The location of the prosthesis cross-referenced with known locations of transitions could be
applied to anticipate upcoming transitions before the EMG or the body kinematics reflect
the change.

3.1 Introduction

Assistive technologies have the potential to rehabilitate and drastically improve the quality
of life of people with locomotive impairments. Prostheses and orthoses have existed in a
mechanically passive form for several centuries. However, mechanically passive devices lack
the capability of generating power, resulting in higher metabolic expenditure, uneven gait
and increased stress to other joints [103].

Recent advances in technology (miniaturization of actuators and improved battery power,
etc.) have enabled a new breed of lightweight assistive technologies far more capable than
their predecessors. Next-generation devices use power or vary dynamic characteristics (eg.
damping) to improve mobility, comfort, and stability [9], and can navigate a wide variety
of terrains. They have terrain specific mechanical behavior profiles, known as locomotion
modes, and several different control strategies have been employed to estimate the right
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mode for any given moment.

Currently available methods for automatic mode selection are based on sensors on the
device or user [99, [61]. They measure the mechanical state of the device or body, such as
acceleration or forces sensed in the socket. In order to infer the intent of the user, there
continues to be interest in using electromyogram (EMG) signals from the residual limb
[41], 44]. A combination of EMG and mechanical sensors, Neuro-Mechanical Interface or
NMI, has yielded an accuracy of 92% in real time [32]. A key finding was that additional
sensing modalities can be combined to improve locomotion mode classification accuracy.
This is important because while EMG shows great promise, it is also challenging to deploy
due to the need for calibration, corrosion due to perspiration, crosstalk, electrode lift off,
motion artifacts and interference with the socket [19, [57].

In a comprehensive review of assistive technologies, Tucker et al. [96] refer to methods
involving Mechanical or EMG sensors as implicit environment sensing, because the controller
builds an understanding of the environment by measuring user and device state. However,
relying wholly on the user’s state limits the possibilities of error detection and fault tolerance
[32]. When the user reacts to an erroneous mode classification, their behavior can result in
further classification errors. This can produce a propagation of errors and force the user to
stop to reset the system.

Ezplicit environment sensing could provide a parallel pathway to estimate the appropriate
mode for the current terrain without relying only on user behavior. Initial results from
this strategy show improved mode classification accuracy when incorporating environment
awareness [40].

3.1.1  FExplicit Environment Sensing: Direct Terrain Classification

Direct Terrain Classification entails training a system to estimate terrain types (e.g, stair,
ramp) based on raw sensor data. This approach often requires manual calibration of the
thresholding parameters, such as stair-rise or slope/incline of ramp, needed to differentiate
among terrain types. Huang et al. [58] have designed such a system to provide environment
information via laser distance meter. However, the unidirectionality of the laser makes details
such as the mounting height and the angle of inclination toward the floor critically important.
The need for subject-specific calibration, such as stride length and device mounting height,
also limits the wide-spread deployability of this system.

Krausz et al. [47] demonstrated scene segmentation using a depth camera for stair-ascent
transition detection. Several practical difficulties with this approach were discussed by the
authors including fixed height offset to detect floors, motion artifacts causing false detections
during dynamic situations, and limitations caused by the angle of approach.

These studies demonstrate the potential benefits of obtaining explicit environment in-
formation via Direct Terrain classification. However, they also elucidate the wide gap that
needs to be filled before direct sensing of of terrain is possible and can be safely applied to
assistive technologies.
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3.1.2  FExplicit Environment Sensing: Localization

In this study we demonstrate explicit environment information via localization. Instead of
directly mapping sensor data to terrain type, sensor data is used to estimate location, which
can then be related to known regions of terrain. This method assumes that a map of the
environment, cross-referenced with region boundaries, is available. For indoor environments,
this has been a challenge in the past due to limited GPS availability and sensor inaccuracies.
However, just as the last decade saw outdoor navigation transformed with Google Maps and
GPS, recent research and technology trends suggest that such maps will be available in the
near future [106), [5].

Several industry giants such as Google, Microsoft-Nokia, and Apple are building a plat-
form for creating high-fidelity indoor maps[5l, [I, 6]. Google Maps has uploaded floor plans
of several multi-story buildings such as airports, malls, hospitals [2] and has also patented
an indoor map server platform [75]. These indoor maps are equipped with annotations of
common terrains such as ramps, or a staircase to the next level. Maps generated using LI-
DAR point cloud data are now within 0.05-0.07m accuracy[36] and several researchers have
addressed automation of the process using robots.

Complementary to the mapping process, localization inside a mapped environment is also
being tackled from several fronts with ever-increasing accuracy. In this context, localization
is the task of determining the position and orientation of a device at any particular moment.
Bluetooth, WiFi and magnetic field strength based navigation are active areas of research[65].

Simultaneous Localization And Mapping (SLAM) [90, [I7] which combines localization
and mapping under one umbrella, comes in a variety of flavors involving computer vision, Wifi
signal strength, or a combination of all these[65]. In the last few years, robotics researchers
have moved on from asking “Is SLAM possible?” to “Is SLAM solved?” [21]. Localization
from SLAM is now effective, inexpensive, and likely to be built in to upcoming consumer
electronics.

Since current localization systems are primarily designed for stable hand-held use, one of
the goals of this study was to evaluate the performance of a localization system while mounted
on the lower-limb, subject to rapid movements during walking. We focus on prosthetic
control, but the localization strategy derived here translates to any assistive devices where
environment information plays an important role.

We demonstrate two classifiers:

1. Instantaneous Region Classifier, which uses only the location estimates,

2. Time-history based Region Classifier - 1D Convolutional Neural Net, which uses a time
history of location and height estimates.

We investigate the effect of increasing exposure to the environment and varying walk-
ing speed. We report region classification accuracy and the temporal error of the region
transitions.
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3.2 DMethods

3.2.1 Localization System and Terrain
Multi- Terrain Course

The course consisted of flat ground, a platform reachable by stairs, and a ramp (Figure .
Stairs were built to standard international residential specifications. Handrails were included
on the raised platform as well as the stairs, at a standard 91 mm height. The course formed
a rectangle approximately 8 meters by 5 meters, with the challenging terrain regions (stairs,
platform, ramp) on the longer sides. Due to limited space availability there was no down
ramp, and users stepped down one step to the floor.

Mounting

We developed a means for mounting the device on intact limbs using a standard sports shin
guard and a custom 3D-printed mounting frame (Figure inset). The mounting frame
placed the device at approximately 0.4m +/-0.05m from the ground for all subjects. The
frame was fabricated in ABS plastic using a rapid prototyping 3D Printer.

Localization System

We created a localization system which was comprised of Google’s Project Tango Tablet[26],
our custom Android application and region classifiers.

The Android application was built using the Project Tango’s API to interact with on-
board sensors, load pre-made maps (see Section , and generate location estimates. It
then used the Robot Operating System (ROS) to publish and transmit the location estimates
via wireless network to a base station for synchronization with the motion capture data. We
fit the system with 7 retro-reflective markers and used a 12-camera infrared VICON motion
capture system to measure its true location. We streamed the data from the motion capture
system using ROS. Data was acquired from both systems at 60 Hz.

3.2.2  Classification
We investigated performance of two types of classifiers:
e Instantaneous Region Classifier
e Time-history based Region Classifier - 1D Convolutional Neural Network (CNN)

Bounded regions in the multi-terrain course were annotated by hand. The Instantaneous
Region Classifier functions like a simple lookup table, combining the localization system’s
position estimates with the region annotations to generate instantaneous region labels (Figure

39).
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Figure 3.1: Multi terrain course. The 3D-printed mounting frame (inset) integrates with
a standard shinguard worn on the shank of the right leg. Participants walked in a rectanglar
course including up stairs, flat platform, down stairs, flat ground, and a gentle ramp. The
black treadmill in the center was not used in the experiment.

The feature vector for instantaneous region classifier was
fregion = (X> Y)

The time history based region classifier incorporated the time history of location and
height estimates, using a 1D Convolutional Neural Network (CNN) architecture. Selection
of CNN was based on its success in capturing time-varying characteristics of input time
series without the need for hand-crafted featurization[I08]. The network was implemented
on TensorFlow. Hyperparameters for the network, such as the number of filters and depth
of the network, were obtained by trial and error and the best performing parameters were
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Figure 3.2: Instantaneous region classification procedure. Parallelograms denote data,
and squares denote operations. The instantaneous region classifier only uses X,Y position
data and regional boundary annotations for estimating instantaneous region label.

used to report final performance. The time history was limited to 20 time steps (320ms),
which is less than half a gait cycle, to avoid the possibility that the particular sequence of
terrains in our course could be leveraged for classification.

For testing, data from one trial is used as a test dataset and data from all other trials
of the same subject and mapping condition are used as a training dataset. That is, if a
trial from Comfortable Speed with MAP/ is used as test data, Comfortable and Fuast paced
trials with MAP/ are used for training. The process is repeated such that all trials are used
as test sets and an average accuracy is reported as the Region Classification Accuracy (see

3.3.2)) for that subject.

Figure shows the general procedure for training the CNN classifier. Using the ground
truth of user location from Vicon X and Y data, along with prior region annotations, we
generate true region labels ¢; for each time step ¢ for all trials in the training set. We then
use LOOCYV to train a classifier with localization system’s XY and Z estimates as features,
with the corresponding true region labels, to generate a classifier model. This model can
take a new test feature set of X, Y and Z data, and for each time step predicts a region label
G;- The trial that was omitted in the training set is used as test input and region prediction
is generated. The feature vector for time-history based classifier was

flem"mng = (XJ Y7 Z)t



20

True Region
Labels

q

—» Input
w==% Generates

v

Localization s Trained
Estimate X,Y,Z / gr'asfs!f'er . / Classifier
Training Set p [Taining o Model

(320ms)

Localization l
Estimate X,Y,Z

Test Set » |Prediction|
i /

Figure 3.3: Time-history based training and classification procedure. Time-history
based CNN classifier used a short time history of X,Y position data as well as Z direction
height variations to learn and predict region labels

3.2.3  Fxperiments

Experiments were designed to evaluate performance with respect to change in exposure to
environment and walking speeds.

Speed Conditions

The speed conditions were based on the instructions spoken at the beginning of the block of
10 trials. The participant was either requested to walk “at a Fast pace” through the course,
or “at a Comfortable pace.” These two conditions resulted in average walking speeds of 1.67
m/s and 1.15 m/s.

Mapping conditions

To provide an estimate of absolute location in a particular known area, also known as local-
ization, the system requires a pre-made map. Creating a new map requires walking around
the environment, exposing the camera to views as you walk. These maps are then processed
and saved by the localization system using Tango API and the underlying Placeless-Place
algorithm[60], to extract movement features from views. Our system then allows us to load
the maps whenever revisiting the pre-mapped environment, to generate location estimates.
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It is also able to send data (location estimates) as ROS messages over WiFi, synchronize
with motion capture, and output region labels.

In order to assess the effect of additional exposure to the environment, we created three
separate maps using 1, 4, and 8 laps around the course at comfortable pace. These maps
are referred to as MAP1, MAP/, and MAPS. Hence, MAPS has eight times the exposure to
the environment compared to MAPI.

The origin and the coordinate frames of the localization system and VICON motion
capture system were matched for comparison without having to estimate the transformation.

Ambulation data was collected for 8 healthy participants (one female, median age of 25)
with no amputation or other mobility impairments. The participant wore the localization
system on the shank of the right leg and walked clockwise around the course (Figure .
Trials were repeated for two speed conditions and three mapping conditions. Each subject
performed 10 trials of these 6 possible combinations of speed and map, resulting in a total
of 60 trials per subject. The starting position and order of trials was randomly varied to
prevent bias. The experiment was completed in a single session which lasted less than 2
hours. Recruitment and human subject protocols were performed in accordance with local
VA Institutional Review Board approval and each subject provided informed consent. De-
identified data can be made available, via a data use agreement, upon request to the authors.

3.3 Analysis and Performance Measures

To assess the efficacy of the system in a subset of real-world scenarios, we quantified its
ability to estimate the location of the user, and how well these location estimates could be
used to estimate current region. We report 1) Localization Error, 2) Region Classification
Accuracy, and 3) Absolute Temporal Error of region transitions.

3.3.1 Localization Error

Localization Error is simply the error in location estimates, as compared to measured ground
truth, in meters. It is a measure of overall positional accuracy of the system.

Consider the location estimate from the mobile system to be I, and the ground truth
location from the motion capture to be [;, for time t = 1 ... T. We define the Localization
Error to be standard root mean squared error (RMSE) for a single trial:

T
.. 1 ;
Localization Error = T Z(lt —1;)?

t=1

3.3.2  Region Classification Accuracy (RCA)

Region classification is a key output of the system: it is the percentage of accurate classi-
fication of the moment-to moment region labels based on location estimates. This requires
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that a known mapping of region boundaries. Drawbacks and challenges of this requirement
are addressed in the discussion section. The estimated region label is generated from the
methods described in Section and the correct region label is known from the motion
capture ground truth.

Number of accurately classified time steps

RCA = x 100%,

Total Number classified timesteps

This capability alone could be used to switch control modes of an assistive device, or
used in conjunction with other control switching methods to improve accuracy and fault
tolerance. For example, Figure [3.4] the orange box indicates a Platform region. When the
system estimates that the user is in that region, a flat ground walking mode could be used.

3.3.3  Region Transition Detection

There are 6 region transitions encountered in this study. Three are transitions from Level
ground walking (W) to Ramp Up (R), Stair Ascent (SA) and Stair Descent (SD) and three
are exactly opposite transitions (R — W, SA — W, SD — W). Ramp Down section was
omitted to maintain clear separation of terrains with a distinct Level ground walking section.
Inadequate positional accuracy could sometimes estimate the location of the system to be
outside the regional boundaries resulting in missed or delayed transitions.

The Temporal Error of a transition is defined as the time difference between the ground
truth location entering a new region and the estimate entering that new region. The average
Temporal Error for a trial is the average of all transitions’ Temporal Error for that trial.

It should be noted here that Temporal Error provides a measure of the localization
system’s temporal mismatch in detecting transitions, with respect to ground truth (motion
capture) and not its ability to predict such transitions in advance.

Temporal Error is computed in the following way:

Each location estimate from the mobile localization system, denoted I, for timestep t =
1...T' is assigned a region label ¢;, obtained by methods described in Section In this
case take values on 0, 1, 2, 3, 4, corresponding to the five different regions.

A change in region label between successive timesteps ( e.g, ¢i+1 7# ¢:) is considered a
region transition. For the location estimates, these are detected transitions.

Each timestep t has an associated time from the system clock, and we record the time
for each occurrence of a transition as defined above. Denote these times ¢, ¢; for estimated
and true transition, respectively. Then the Temporal Error (T.E.) of that transition is

TE. = |ét — Ct‘
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Figure 3.4: Example location data for a single trial from the VICON motion
capture system and the mobile localization device. This trajectory, which is repre-
sentative of most trials, is from a trial in the “Fast” walking condition using a MAPS, i.e.
it was based on 8 laps. This trial had a mean localization error of 0.09m, and the average
for this speed and mapping condition was 0.11m.

3.4 Results

The system was able to successfully estimate location, provide terrain awareness, and detect
region transitions as the user traversed the course.

3.4.1  Localization Performance

The mean squared localization error decreased inversely with more exposure to the envi-
ronment; this indicated higher fidelity to the ground truth location. (Figure [3.5) The im-
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Figure 3.5: Mean localization error and standard deviations for trials. Localization error
generally decreased for slower walking (blue vs yellow bars) and more laps used to create the
map (bar groups).

provement in localization error between MAP1 and MAP/ was more pronounced than when
increasing to MAPS. Higher exposure maps were also more resilient to errors caused by
faster walking pace.

3.4.2  Region Classification Accuracy

Location estimate accuracy and hence Region Classification Accuracy was improved when
using maps with more exposure than 1 lap (MAP1) but did not show significant improve-
ment beyond an exposure of 4 laps (MAP/). The time history classifier exhibited improved

accuracy in all cases (Figure and Figure .
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Figure 3.6: Region Classification Accuracy for Fast speed condition. Region Clas-
sification Accuracy (RCA) is the measure of the percentage of time the system correctly
estimated the current region. Time-history of locations improved accuracy for all maps.

3.4.8  Transition Detection Performance

All transitions were accurately detected using MAP/ and MAPS8 maps and Comfortable
speed for both classifiers. The time history based classifier exhibited faster detection of
transitions for all cases. Average Temporal Error decreased with maps having more than 1
lap of exposure, however increased exposure beyond 4 laps did not seem to result in better
performance for detecting terrain transitions (Figure and Figure .

3.5 Discussion

Our study demonstrates that there exist mature, ready-to-use localization technologies that
can be adapted for environment awareness.
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Figure 3.7: Region Classification Accuracy for Comfortable speed condition. Re-
gion Classification Accuracy improved with more exposure for Comfortable speed as well.
For each type of classifier, performance was about the same for both speeds.

Performance improved with increased exposure to the environment, but 4 exposures
was sufficient to obtain near peak performance. Learning the time-ordered sequence of
location estimates resulted in near perfect (96%) region classification accuracy and detected
transitions with a maximum delay of 110ms. This could be because there are idiosyncrasies
or unique temporal patterns present in the gait, that provide more clues about the region
than simply the location estimate. Performance was also robust to variations in speed.

These results show that locomotion mode estimation using only localization can have
comparable results to using only mechanical sensors [99] or only EMG sensors [41]. However,
we expect localization integrated with other sensor modalities to improve performance, as
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Figure 3.8: The Temporal Error of transition detections is the difference in time
between true and estimated terrain transitions. All the transitions detected by the
time history classifier were within 110 milliseconds for the Fast speed condition. For both
classifiers, exposure beyond 4 laps in the map did not produce significant improvement. Error
bars denote standard deviation for all trials under that condition.

seen in Neuro-Mechanical Interface (NMI). A system incorporating multiple methods could
use redundancy to make a more robust controller.

Environment awareness via localization can enable error-correction and even anticipatory
control. The temporal error of 110ms was the maximum system delay when the classifier
model was trained to estimate current region. However, for anticipatory control the classifier
could be trained to predict the up-coming region. The controller would use localization data
to estimate the user’s relative distance from an upcoming region transition and seamlessly
switch modes, perhaps even before the user’s behavior begins to signal the transition.
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Figure 3.9: Temporal Error for Comfortable speed condition. Similarly to the faster
walking pace, Temporal Error improved with exposure from 1 to 4 laps, and was much lower
for the time history classifier.

The Instantaneous Classifier used only region annotations and required no subject-specific
calibration or training. The experiments were performed for different subjects using the same
maps on different days. Perhaps this is one of the most promising implications of this study.
Robustness to subject-specific factors like walking style, height and even mounting location
could be leveraged for wide-spread applicability.

The disadvantage of localization is that it requires a map of regions to cross-reference
against the estimated location. It is a significant feat to obtain annotated maps of environ-
ments, but it is one that has been surmounted before for outdoor environments.

As a representative platform we used the Project Tango device [26], a SLAM based
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technology, which uses computer vision, inertial sensors and the Placeless-place recognition
algorithm[60] for localization. However, the benefits of using indoor localization for envi-
ronment awareness are not contingent on the particular sensor, but may be realized using
whichever of the many upcoming systems (WifiSLAM, Bluetooth etc.) emerge as standards.
Similarly, maps may be sourced by any of the methods discussed in Section |3.1

The system we describe here has been designed to seamlessly plug into research robotic
assistive prototypes. Experiments in preparation will repeat the protocol for participants
wearing assistive devices. We expect gimbal based stabilization could reduce motion artifacts
and improve performance. These further experiments will allow detailed examination of what
causes errors and how to optimize the system.

3.6 Conclusion

A key motivator of this research is that localization is appearing in a variety of consumer ap-
plications, and we expect its market penetration to be high, similar to how Global Positioning
Systems have reached ubiquity[5]. While early results made use of specialized equipment and
restrictive assumptions, the barriers to wide inexpensive deployment have steadily been bro-
ken. The study we describe here shows that visual and inertial sensors mounted only on the
leg can be used for localization, and that this localization is plausible for locomotion mode
estimation. Leveraging this rapidly improving technology for rehabilitation could unlock the
full benefits of powered assistive technologies.
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Chapter 4

AIM 2: COORDINATED MOVEMENT FOR CONTINUOUS
CONTROL OF PROSTHETIC LIMBS

Our second aim illustrates the data-driven CM controller which generates a continuous
prosthetic reference trajectory, eliminating the need for the discretization of activities into
modes and explicit transitions from one mode to another (Fig . The CM controller
is continuous because it uses no concept of discrete gait events or phase, and unified be-
cause it is a single controller that provides all desired movements, without switching modes.
Previous attempts [84] [78] at continuous prosthetic control have aimed at unifying the gait
phases (swing, stance, etc) but within the same mode (flatground). The CM control strategy
achieves continuity across gait phases and different gait modes.

We exploit the strong inter-joint coordination of human movement to predict the kine-
matic trajectory of a single joint based on the movement of the rest of the body. This
predicted trajectory could be used as a reference to control a prosthetic actuator joint in
real-time.

We report performance for structured rhythmic activities such as flatground walking,
and unstructured activities demanding unique non-rhythmic activities (side shuffles, weaving
through cones, backward walking).

4.1 Introduction

Powered limbs are getting more and more capable in their hardware capacity[10,55]. The new
devices are lighter, more powerful with multiple joints and degrees of freedom. Given the vast
space of possible movements, intuitive control of powered limbs however is still challenging.
Categorization of activities into a handful of “locomotion modes” comprising the
most commonly encountered terrains and activities such as flatground walking,
stair ascent, etc. has been an effective and prominent strategy [32, 41, 99]. The
selection of mode for any given instant is done using sensor data and machine learning models
(SVM, LDA, or ANN;, etc). The current state of the art uses a combination of EMG and
mechanical sensors as inputs to understand user intent and environment needs.

Powered lower limb users cite inability to use during unstructured activities that require
unique non-repeated movements as practical limitations[28]. Sports, getting in and out of
cars or restaurant booths, obstacle avoidance, and navigating uneven terrain are examples of
activities of daily living that can be challenging and do not cleanly correspond to commonly-
used control modes. Moreover, with most walking bouts lasting less than 30 seconds [69],
mode transitions are common. Users often prefer passive devices for their simplicity while
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adopting compensatory movements which can be physically demanding and detrimental [49]
50].

A control strategy to address unstructured and non-rhythmic activities is necessary to
fully leverage the benefits of powered limbs. A possible solution could be to define more
modes to encompass more types of activities. This requires the construction of more mode-
specific controllers, and makes the task of choosing the ‘right’ mode more difficult.

Another potential limitation on expanding the number of modes is the tuning of the
control parameters which go with it. In current mode-based control, the gait cycle within
a mode is divided into phases (swing, stance), each with distinct controllers and control
parameters. Control is transitioned between phases, within a mode, using a finite state
machine approach. Each state uses a set of static parameters that are hard-coded into the
controller. This approach quickly becomes unwieldy, as the number of tune-able variables
rapidly increases with the number of parameters per control law, the number of states per
activity, the number of activity modes, the number of joints to be actuated, and the number
of limbs to be controlled. This has led to several independent studies exploring ways to
manage [87] or using reinforcement learning to automatically tune these parameters [T01].

Another weakness of the phase-based strategy is that it cannot handle abrupt mid-phase
changes in activities. Each gait cycle must begin with the particular gait-phase (for e.g
heel-strike). This strategy also inflexible to accommodate irregular or unprogrammed gait
patterns (e.g. walking in a crowd or over rocky ground), unexpected events such as tripping.
A non-phase based control has been the topic of some studies to overcome the limitations of
phase-based control.

Exploiting Whole-body Coordination for Non-phase based Control

A few studies have explored using a non-phase based continuous control approach to reduce
the number of tuned parameters and address non-rhythmic movements. Instead of detecting
gait phases within a gait cycle, most non-phased control studies rely on strong inter-joint
coordination exhibited by locomotion[12] to provide a continuous movement. This coordina-
tion of the whole body means that movements of any one joint are highly correlated with the
movement of the rest of the body. The trajectory of movements of the intact limbs provide
the means to estimate the movement of the missing limb with a high likeness to observed
behavior. This observation motivates our Coordinated Movement controller which will be
described in the following subsection.

An earlier approach called echo control replayed or “echoed” the movement of the sound
leg on the prosthetic limb[27]. However, this delayed playback failed when asymmetric
movements were desired and required the sound leg to lead all movements.

Complementary Limb Motion Estimation (CLME) infers the intended motion of affected
limbs from the motion of the residual limbs, and maps this to a reference trajectory for robotic
prosthetic joints to track[97]. The mapping is derived through regression of physiological gait
recordings of healthy subjects.
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A more recent success in non-phase based control strategy uses virtual constraints to de-
fine joint trajectories as functions of a monotonic phase variable that continuously represents
the gait cycle across the entire stride[78]. The phase variable is computed from residual thigh
motion, giving the amputee control over the timing of the prosthetic joint patterns. This
strategy reduces the number of tuneable parameters. The holonomic nature of human gait,
and the user-controlled progression of control allows performing activities such as backward
walking and walking over obstacles. [84].

The strategies are 'continuous’ in that they do not divide the gait cycle into sub-phases.
They do not, however, provide continuous control over different modes and transitions. They
do reduce the tuneable sub-phase control parameters but do not unify movements of different
modes or activities. Each mode requires tuning of mode-specific parameters [84] separately.
CLME was demonstrated on rhythmic activities of flatground walking and stair ambulation,
but left non-rhythmic activities as future work. [84] [78] address more non-rhythmic activi-
ties, such as obstacle crossing, but yet the activities were holonomic functions of flatground
walking. More unstructured activities like side-stepping and weaving around obstacles are
yet to be addressed for prosthetic control.

Our Coordinated Movement (CM) Controller

Towards providing continuous control across gait phases and activities, we describe the co-
ordinated movement controller applying whole body kinematics and powerful deep neural
networks. Our data-driven approach is trained on locomotion data collected from various
activities to predict kinematics of a target joint omitted from the input set of joints. For
example, in the case of a trans-tibial prosthetic application this target joint would be the
ankle joint. The body motion of the person with the amputation would serve as the inputs
and the predictions generated by the network could be used for the control of the prosthesis.

Recent advances in machine learning which leverage the availability of large datasets
rather than employing carefully human-engineered rules. “Learning by examples” has sur-
passed all previous “learning by rules” efforts in a variety of applications, such as speech
recognition and stock-market prediction [29].

Several studies have explored deep learning paradigms to solve the problem of human
activity recognition (HAR) without the need for hand-crafted featurization. [94] [43]. Most
of the studies have focused on the categorical classification of human activities such as sitting,
running etc and are trained on well-defined chunks of time-series. This strategy can have
difficulty ”scaling up” to recognize complex high-level behavior which can have hour-long to
day-long duration [68]. Non-categorical control with continuous joint trajectory generation
for prosthetic limb control has yet to be fully explored.

In [79], we demonstrated a proof of concept, generating ankle joint trajectories, but for
structured activities (flat ground walking and stair ambulation.) In [80] we expanded the
envelope of operation to include non-rhythmic movements and agile maneuvers. In this
dissertation, we describe an expanded system to include the knee and ankle simultaneously.
We describe here a real-time controller to acquire live kinematics and actuate a powered
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knee and ankle prosthesis [10] on a benchtop platform. In the|chapter 7| we demonstrate the
controller with a subject wearing the prosthesis

4.2 Methods

4.2.1 Participants

Ambulation data was collected for a total of 65 healthy participants (34 male, median age
25) with no amputation or other mobility impairments. Recruitment and human subject
protocols were performed in accordance with the local University of Washington Institutional
Review Board approval and each subject provided informed consent. De-identified data can
be made available, via a data use agreement, upon request to the authors.

11 subjects performed flat ground walking activity and 44 subjects performed stairs
activity. To investigate atypical and non-rhythmic movements, 10 subjects performed 3
activities from the Comprehensive High-Level Activity Mobility Predictor (CHAMP) test.
The CHAMP test was designed as a safe performance-based measure of high-level mobility
for those with lower limb loss (See Section [4.2.2).

4.2.2  Activities

The movements targeted in this study were designed to be more challenging and difficult to
be categorized into modes.

Flat ground

To replicate regular community ambulation, flat ground activity consisted of walking on a
long corridor in a public building. This included random stopping to incorporate transitions
between steady state walking and rest.

Stairs

This activity consisted of stair ascent and descent in a 6-story public building. This included
sections of flat ground transitions in between levels.

Comprehensive High-Level Activity Mobility Predictor (CHAMP)

The CHAMP test was designed as a safe performance-based measure of high-level mobility
for those with lower limb loss (LLL). The CHAMP test consists of 5 activity sets, but here
we selected a subset of 3 activities that focus on agile movement, as opposed to balance
or endurance. These are the Edgren Side Step, the Illinois Agility Test, and the T-test.
They include challenging abrupt changes in movement direction, running, and backward
locomotion. These standard tests are described in detail in [23] 81] and summarized below.
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Edgren Side Step : Five cones are placed in a line three feet apart. The participant,
starting from the center cone, sidesteps to the right until their right foot crosses the outside
cone. The participant then sidesteps to the left until their left foot crosses the left outside
cone. The participant sidesteps back and forth to the outside cones for 10 seconds.

Illinois Agility Test : The aim of the test is to complete a weaving running course in
the shortest possible time. The length of the course is 10 meters and the width is 5 meters
and cones mark the course. On the ‘Go’ command, the subject runs the course, without
knocking down any cones.

T-test : A course 10 meters long and 3.5 meters wide is marked by cones in a ‘T’ shape.
Successful navigation requires side shuffling to reach the left and right most cones as well as
backward walking to return to the starting location.

4.2.8  Ezperiments

The subject’s anthropometric details were recorded and 17 wearable sensors were placed on
their body on locations as shown in Fig[d.1l This was followed by a calibration procedure
and brief test to see quality of data being recorded. The subjects then performed 10-15
minute trials of the desired activity. For flat ground and stairs activity, the subjects were
instructed to walk naturally at self-selected pace. The data for these activities was collected
in public spaces during active business hours, with the intent that normal gait dynamics and
corrections would appear in the example data. The order of activities, starting and ending
points were randomized. The experiment was completed in a single session which lasted less
than 2 hours. In total, 750 minutes of data were collected from all subjects.

4.2.4  Instrumentation

We collected locomotion data using the Xsens Awinda suit [4], consisting of 17 body-worn
sensors placed at key locations. Each sensor has a tri-axial gyroscope, accelerometer, mag-
netometer, and barometer. Xsens Analyse software integrates these individual sensors and
renders a full-body avatar. After a system specified calibration, the software provides posi-
tion and joint kinematics in a 3D environment. Although other data such as limb-segment
position, orientation, acceleration are available, we used only joint angles for this study. All
angles are in 1x3 Euler representation of the joint angle vector (x, y, z) in degrees, calculated
using the Euler sequence ZXY using the International Society of Biomechanics standard
joint angle coordinate system [105]. Data, sampled at 60 Hz, from a total of 22 joints in 3
anatomical planes (sagittal, frontal, transverse) were captured for each trial, which results
in 66 total possible features for our machine learning methods.
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4.2.5  Data Processing

Sensor data was visually inspected to detect any potential equipment malfunctions or cal-
ibration problems. Sensors getting displaced from their original calibrated location is a
commonly seen issue with wearable motion capture systems. If this was detected during the
experiment, sensor placement was corrected followed by recalibration and reinitialization of
the suit.

Xsens features a real-time engine that processes raw sensor data for each frame, algorith-
mically fits the human body model to estimate anthropomorphic joint and segment data.
A post processing engine includes information from the past, present, and future to get an
optimal estimate of the position and orientation of each segment. This ‘HD’ processing raises
the data quality by extracting more information from larger time windows and modeling for
skin artifacts etc, but also takes significantly longer time.

We used HD processed data as training data for our neural networks. The real-time
benchtop test, however, used only real-time (non-HD processed) data.

4.2.6  Machine Learning Model and Architecture

Previously [79], we investigated three different regression models: Multivariate Linear Re-
gression, Fully-Connected Deep Neural Network, and a variant of Recurrent Neural Network
- Long Short-Term Memory (LSTM) [35]. It was shown that the Recurrent Neural Net-
work with a short time-history of gait movements provided the best prediction of the right
ankle joint. In this study, we use the same network architecture, shown in Fig[.1 How-
ever, we increase the number of joints predicted to two by including knee joint as well. The
deep-learning networks were implemented on PyTorch [71].

In the real-time prosthetic controller, the trained network would be applied to predict
joint trajectories for a user whose movements would not have been captured in the training
dataset. To analyze performance, one of the subjects was omitted from the training set. A
random trial from this subject was used as the validation set, and another was used as the
test set for reporting results.

Given a time series trajectory of M intact joints x € RM*T-1  we employ the LSTM
network model to estimate current target joint values yr at time instant T.

yr = f(z) (4.1)
where f is the LSTM network.

Data Normalization and Reshaping FEach of the joint angles exhibits a different Range
of Motion (ROM). In order to prevent high-ROM joints from dominating predictions, it is
common practice to normalize all features (generally 0 to 1). We normalized all joint angles
for every trial and saved the average scaling factor of the training samples for de-normalizing
the predicted joint angles.
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Figure 4.1: Neural Network Architecture. Each layer computes information based on the
previous layer, but also using its own previous outputs and an internal memory.

Rolling Time Window During training, LSTMs backpropagate errors a specific number
of time steps back. This parameter, known as the sequence length, affects the time scale
that the LSTM cell state reasons about. Choosing a longer sequence length increases the
number of parameters that need to be trained, increasing computational load and requiring
more training data. Choosing a shorter sequence length increases the difficulty of learning
time dependencies in the data. In practice, choosing a sequence length appropriate to the
inherent temporal dynamics of the problem greatly simplifies training and performance of the
network [83]. Training input samples were prepared as a overlapping rolling window of time
series data of desired sequence length. The optimal sequence length was a hyperparamter
we tuned for.

Loss Function and Neural Network Hyperparameter Optimization We used the
mean squared error (MSE) between the predicted and measured joint angle as loss function to
be optimized. This is common metric used for regression tasks in machine learning. Apart
from the sequence length, the network also has several hyper-parameters that need to be
optimized for different application domains.

Hyperparameter Optimization A combination of random and grid search was applied
to optimize hyperparameters. Each batch was shuffled and random Gaussian noise was added
to each sample to reduce over-fitting.

Optimized hyperparameters included batch size, number of epochs, number of layers
(L), number of units in each layer (HU), the standard deviation of the injected noise, the
regularization parameter for L2 loss (\), and learning rate.
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Hyperparameter Range / Values Optimal
Learning Rate [107° : 1072 1073
Batch Size [1000, 10000 50000,100000] | 50000
Number of Epochs [200,500,750,1000] 500
Input Sequence Length [1,2,5,10,15,20,25,30] 10
Number of LSTM Layers | [2,4,8,12] 2
Number of Hidden Units | [4,8,16,32,64,128,256] 64
Regularization Rate [0,0.05] 0
Random Noise (std) [0.01 : 1] 0.02

Table 4.1: Hyperparameter values tested for optimal performance on Obstacle course data-
set

Every 5 epochs, the performance of the model was evaluated on a validation set. The
best performing model was saved and used to generate predictions and metrics on a test set.
30 trials were evaluated for each parameter set and the average RMSE was recorded. The
optimal parameter value selection was based not just on the absolute best performance but
also considering the overhead in time and computation needed to reach that performance.
The range of parameter values tested is shown in Table [£.I] The optimal hyperparameter
set was used to compare and evaluate performance.

Denormalization To report results in orginal scale, all predictions were denormalized
using avarage minimum and maximum scaling factors extracted from training set only. This
is common practice in machine learning as test set scaling factors are not known a priori.

4.2.7  Analysis

We use Root Mean Squared Error (RMSE) and the Pearson correlation coefficient (PCC)
as our outcome measures to report performance for different activities, sensor groups and
quantity of data. Ideally, the RMSE will be equal to zero degrees and PCC would be equal
to 1.

Performance by activity

We compared performance of sagittal plane ankle and knee joint angle predictions for
models trained on data from:

e Flat ground walking with random stops

e Stair ascent and descent with flat ground sections
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o CHAMP tests

We combine all the activities in training and report errors for each activity evaluated
separately. This prevents averaging out of errors across activities.

Dependence on sensor configuration

We assessed performance for flat ground, stairs, and CHAMP activities for the following
sensor groups as inputs:

e Full body (20 joints) in all 3 anatomical planes

e Lower limb (6 joints) in all 3 anatomical planes

Dependence on data

We assessed performance for different amounts of training data by varying:

e Number of subjects included in training data.

e Percentage of data included from every subject in training data.

Significance and equivalence testing

R-package and Matlab were used for statistical analysis. Simple rhythmic movements of
flatground walking should be easier to generalize than those involved in the CHAMP tests.
Hence, we expected the performance to vary with activity. Similarly, more training examples
collected from more subjects should allow the network to learn more variations and hence
perform better. For these outcomes we use paired-sample t-tests. Effect sizes were calculated
using cohen’s d method [16].

In contrast, we expected most of the movement cues for flatground walking to be present
in lower body. We also expect a diminishing return by adding more training examples from
the same subject as they would likely be similar in nature. Hence, we hypothesize that
sensor configuration and percentage of data from every subject will not result in significant
differences in performance. For these outcomes, we perform equivalence testing. A relevant
bound around the mean value is needed within which the results can be considered “equiva-
lent”. We apply the “two one-sided t-tests” (TOST procedure)[51], one for the lower bound
and one for the upper bound, to show that the change is statistically equivalent to zero.

Upper and lower bounds of 3 degrees was used for flat ground activity. This value
corresponds to the best case minimum detectable change (MDC) for sagittal plane ankle
joint kinematics in literature[11, [102]. MDC for other activities has not been established.
We discuss the motivation and implication of using this value in the discussion section.
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Figure 4.2: Benchtop setup with Open Source Leg (OSL). An individual wearing the motion
capture sensors walked on the treadmill at self-selected speed. Live kinematics from the suit
were used as inputs to a pre-trained network that generated right ankle and knee predictions.
These predictions were used to actuate the OSL in real time.

4.2.8 Benchtop experiments on the Open Source Leg

A benchtop experiment was designed to test the performance of this control strategy on a
powered leg prosthesis. The pipeline of the Coordinated Movement (CM) controller entails
1) acquisition of kinematics from Xsens, 2) pre-processing of the data (See Section [4.2.6|a,b),
3) predicting the prosthetic joint trajectories by the neural network, and finally 4) translating
these predictions for lower-level control of the OSL. The lack of HD processing (See Section
of kinematics can introduce noise and error in predictions. The pre-processing of data
and predictions are operations that take finite time. A delay or error in response of a load-
bearing prosthesis could result in critical injuries in a real-life scenario. This benchtop test
demonstrates the overall latency in the CM pipeline as well as the quality of live predictions
and evaluates the safety of the CM controller prior to actual subject experiments.

We used the Open Source Leg (OSL) [10], a modular lightweight robotic leg designed to
facilitate a common hardware test-bed for prosthetic control research. It provides an open
source API to control position, torque and impedance of the knee and ankle joint making it
an ideal platform to compare different control strategies.

A person with no amputation wearing an Xsens motion capture suit ambulated on a
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treadmill at a self-selected speed (Fig . A real-time controller built using Xsens Python
SDK acquired live kinematics as inputs. Right ankle and knee joints were omitted as they
were the intended target prosthetic joints. An LSTM neural network (see Section
pretrained on offline flat-ground walking data (to match the treadmill walking) was used to
predict right ankle and knee joint kinematics from the inputs. These predicted joint kine-
matics were encoded to actuator positions on the Open Source Leg mounted on a benchtop.
The controller ran on a GPU powered laptop tethered to the OSL.

4.3 Results

The coordinated movement controller generated continuous real-time trajectory predictions
for all the activities as shown in Fig. 3

Flatground walking activity Flatground walking activity
T : T T : T

10 - [— Actual trajectory o | [ Actual trajectory
Predicted trajectory Predicted trajectory
1 1

Stairs ascent-descent activity Stairs ascent-descent activity
T T T T T T
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o
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Figure 4.3: Ankle (left, positive y dorsiflexion) and knee (right, positive y flexion) joint
predictions for 3 different activities generated by the same network. The trajectories shown
for a test subject whose data was not part of the training data. About 3 seconds of actual
measured (green) and predicted (red) trajectory for flat-ground (top), stair ascent-descent
(middle) and Illinois Agility Test (bottom) activities are shown. Though these activities
are presented separately, the network that generated these predictions was trained on a
combination of all of them, and did not require activity categorization.
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Ankle Knee
mean std mean std
Flat-ground | 0.8751 | 0.0162 | 0.9743 | 0.0049
Stairs 0.8951 | 0.0058 | 0.9598 | 0.0022
CHAMP 0.8318 | 0.0145 | 0.9191 | 0.0102

Table 4.2: Pearson correlation coefficients of predictions with respect to activities. Mean and
standard deviations shown for ankle and knee joint sagittal plane predictions. Correlation
dropped significantly for both joint predictions with increasing complexity of the activity.

Ankle Knee
Error | ROM Error | ROM
(degs) | (degs) %Error (degs) | (degs) oError
Flat ground | 4.99 50.31 9.93 3.99 77.15 5.18
Stairs 4.41 78.24 5.6 4.16 99.59 4.19
CHAMP 6.91 46.48 14.8 6.50 70.34 9.25

Table 4.3: RMS errors of predictions as percentages of range of motion. The CHAMP

activity had the highest error percent for both joints.

4.3.1 Performance with respect to activities

Ankle and knee joint prediction performance varied with activity (Fig. but were within
7 degrees RMS error and generally showed a high Pearson Correlation Coefficient (PCC) >
0.85 (Table {4.2)).

The CHAMP activity predictions had reduced performance for both joints, suggesting
that the complexity of movements involved in an activity impacts prediction performance.
PCC reflected a sharper contrast (Effect Size = 7.9) but RMS error showed a similar trend
(Effect Size = 4.3). The RMS error of predictions was generally within 10% of the range
of motion for each activity (Table . The only exception was the ankle joint predictions
for CHAMP activities with about 14.8%. Similarly, the ankle joint predictions for CHAMP
activities (Table had the lowest correlation of 0.83. Predictions for stairs activity with
training data from 40 subjects had approximately the same performance as the flat ground
activity with 10 subjects. Training data from more subjects could have similar benefit to
performance for CHAMP activity as we discuss in the following section.

4.3.2  Dependence on sensor configuration

All activities showed approximately the same performance (< 0.5 degree change) when only
the lower-limb sensor data was used as inputs. (Fig . Significant equivalence was de-
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Figure 4.4: RMS error with respect to individual activities for ankle joint(red) and knee
joint(blue) sagittal plane predictions. Performance was within 7 degrees RMS error for all
activities and both joints. Complexity of activity significantly increased RMS Error. Asterisk
indicates statistical significance

termined for flat-ground activity using the TOST procedure as described in Section [£.2.7]
Equivalent performance with reduced set of sensors has beneficial implications for deploy-
ment with minimum instrumentation.

4.3.83  Dependence on data

Fig. [4.7] shows performance with varying amount of stair activity data. Prediction RMS
error significantly decreased (p<0.001) with data from more subjects included in training
the models (blue). This is an important result suggesting that performance of hard activities
can be improved with training data from more subjects. Interestingly, the error remained
approximately the same even when half the data from all subjects was not included in the
training (orange). This could be due to the fact that adding more data from the same subject
does not add any new variation to the overall repertoire of movements seen by the network.
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Figure 4.5: Ankle joint predictions showing continuous seamless transition from flat ground
walking to stair descent.

4.3.4  Bench-top test

A single individual who was not a part of the training cohort was used for a bench-top systems
test. Kinematics were collected as they walked on a treadmill at self selected pace. These
data were played as inputs to predict ankle and knee joint trajectories for the Coordinated
Movement controller for a prosthetic limb in real-time (Fig. [4.8)). For the knee joint, the
average RMS error was 5.62 degrees for the network predictions and 7.38 degrees for the
actuated trajectory. These errors were higher than the offline results seen in Fig. [4.4] for flat
ground activity. There was lag of 0.05 seconds in the response of the OSL. The error and the
lag were calculated with respect to the actual knee trajectory measured on the test subject,
which represents the ideal or the desired trajectory.

Discussion

The use of gait modes in previous prosthesis controllers has been a simplifying assumption
and is not motivated with any physiological basis. An all purpose controller has not been



44

1 | -
I Full Body
I | ower Limb
0
Flatground Stairs CHAMP
Activities

Figure 4.6: RMS error with respect to activities with fullbody (blue) and lower limb only(red)
sensors as network inputs. Using only the lower limb sensors for training showed equivalent
performance for flat ground activity.# indicates statistical equivalence

achievable. Similarly, powered prosthetic devices do not incorporate full body motion not
because that information is useless, but because it has not been previously practical to mea-
sure in a camera instrumented gait analysis laboratory. Body-worn devices that track the
user’s motion continue to improve, smaller, and less intrusive, allowing us to capture un-
structured movements outside the lab environments. In this manuscript we present a unified
Coordinated Movement (CM) controller that leverages such a kinematic dataset towards
continuous powered limb control.

A unified controller for varied activities

Our CM controller was trained on data from different activities and can generate movement
for any of them, as well as the transitions between them, seamlessly. For example, Fig.
shows an example of ankle angle as a user transitioned from walking on flat ground
to descending stairs. The kinematics of their contralateral limbs provided sufficient cues
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Figure 4.7: RMS error with respect to number of subjects (blue, bottom X-axis) and per-
centage of data used from all subjects (orange, top X-axis) for stair ascent and descent data.
Performance significantly improved with more subjects included in training data. Keep-
ing the total number of subjects the same (n=40), but using only 50% of the data showed
approximately the same performance.

for appropriate ankle and knee angle predictions without explicitly categorizing ambulation
mode.

Although the CM controller can generate predictions for all activities included in the
training data, the performance for each activity varied. The CHAMP activity predictions
(Fig. showed significantly higher RMS error than flat ground activity. This could be
due to the complex collective of movements that included weaving around obstacles, walking
sideways and backwards. This suggests that complexity of activity impacts performance and
it seems likely that more training data could benefit such activities, as we discuss below.
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Figure 4.8: Knee joint predicted (orange) and actuated trajectories (blue) during the bench-
top tests with treadmill walking activity. For this trial, predicted trajectory had an RMS
error of 5.62 degrees and the actuated trajectory had an error of 7.38 degrees, with a lag of
0.05seconds with respect to the actual trajectory executed by the subject(green).

Predicting knee and ankle simultaneously Predicting both knee and ankle is more
difficult than predicting only the ankle for two reasons. The first is simply that the network
has two outputs to learn. The second is that the knee joint input data itself is highly salient
for predicting the ankle joint. In our previous work [79, 80|, we predicted only the ankle
joint. The error we observe in the present study is higher, but only noticeably so in the
CHAMP activity (Fig. . We speculate that simpler movements contain more redundant
information in the remaining joints. For more dynamic and complex activities like CHAMP,
the value of the ipsilateral knee joint is higher.

Sensor Configuration

An interesting result is that using only lower limb sensors had approximately the same
performance as using full body sensors (Fig4.6). This suggests that, in the interest of
minimum instrumentation and cost, this system could be deployed with just lower-limb
sensors without compromising overall performance.

We expected the CHAMP activity to benefit from the inclusion of the upper body sensors
given the relatively complex movements involved. Evidently, most of the information for the
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Figure 4.9: Change in degree RMS error for ankle joint predictions without the ipsilateral
knee as one of the input joints. Cyclic activities like flat ground walking offer more re-
dundancy in other joints whereas unique activities require more input joints for prediction.
Asterisk indicates statistical significance

activities in this study was captured by the lower limb data. However, this result should be
considered with a caveat. Upper limb movements are integral to maintain dynamic stability
and perhaps more intricate activities that demand whole body co-ordination would benefit
from full body data.

Performance Dependence on Data

The performance was significantly improved when more subjects were included in the training
data. This peak performance was maintained even when half the data from every subject
was excluded from training (Fig. [4.7)). These results have two implications for more efficient
data collection protocols in the future. Firstly, as expected, a data-driven approach relies on
and benefits by including data from more subjects. Secondly, less data from more subjects
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is better than more data from fewer subjects.

With equal number of subjects (n=10), the RMS error of predictions for stair activity
were significantly greater error than flat ground activity. Inclusion of 30 more subjects
(n=40) reduced this error by almost 2 degrees, bringing it closer to flat ground prediction
performance. This suggests that relatively more training data are needed for more complex
activities to achieve a performance similar to cyclic activities. We expect the result to hold
for CHAMP activity as well.

Bench-top test

The bench-top test demonstrated the feasibility of our controller to actuate a prosthetic
leg. The RMS error of the real-time predictions were slightly greater than those observed
in offline analysis, underscoring the role of algorithmic data-processing in wearable motion
capture. Raw motion-tracking data is inherently noisy. Xsens real-time engine mitigates this
by accommodating sensor drifts and correlating independent sensor data to a human body
model. A post processing engine further improves data quality by including past, present,
and future samples. While offline analysis has the benefit of using the clean post processed
data, the real-time control does not. This results in poorer prediction performance. This
deviation in distribution of the data in test compared to training, known as covariate shift,
is commonly seen in machine learning. This could be alleviated by using raw unprocessed
data, or processed data with artificial noise, as training inputs to simulate the real-time data.
Generation of synthetic training data using Generative Adversarial Networks (GAN) could
allow the network to be more robust to sensor noise[39]. A more thorough long term solution
could be to engineer an algorithmically light version of the post processing engine to operate
on real-time data as well. The whole pipeline of operations resulted in a lag of less than
0.05 seconds in the response of the prosthetic leg. For upper-limb protheses a delay greater
than 300ms is considered significant [I8]. However, this value has not been established for
lower-limb prosthes.

Limitations

Error bounds Our objective was to replicate normative joint trajectories for every instant
in time. We chose our outcome measure to be the RMS error, commonly used for regression
tasks. This makes it difficult to objectively compare with mode-based strategies which report
accuracy in percentage of accurate mode classification. Moreover, it is unclear if the degree
error reported in this study is within an acceptable threshold for practical use. For the case
of flat ground walking, the RMS error is comparable to the Minimal Detectable Change
(MDC) values of around 3 and 5 degrees[11], [102] for ankle and knee joints in sagittal plane.

For the lack of a better measure, we use an MDC of 3 degrees to determine equivalence
in the case of flat-ground activity. Similar approach has been used in other studies[I3] but
to show a statistical difference due to intervention. Even though the 3 degree bound was
the lowest value seen in literature, it is still large enough to show statistical equivalence for
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all the activities in this study. However, statistical equivalence should not be confounded
with practical equivalence. These MDC values correspond to gait measurement and may not
equate to MDC for a load bearing prosthetic application. MDC for other activities and more
importantly minimal clinically important difference (MCID) for gait and prosthetic control
is critically lacking [3].

Use of normative trajectories We show that deep networks can represent and adapt to
subjects not directly measured during training. So even though the prosthetic user’s own
gait may not have been recorded prior to amputation, this approach could still be employed.
However, a major assumption with this approach is that normative trajectories collected
from unimpaired subjects can be replayed for prosthesis users. Normative trajectories have
been successfully used for prosthetic control[97, 84] and as tuning objective to optimize pow-
ered limb impedance parameters [I01]. We expect similar performance with our controller.
However, as prior studies have concluded, a more complex reference objective that accounts
for variations of weight and dexterity of prosthetic limb could be necessary. The tuning of the
lower level controller gains (PID) will most likely be needed to ensure a safe and comfortable
ambulation.

Position control An impedance or torque based prosthetic controller is likely to be more
comfortable. Current commercial wearable sensors provide only position estimates, limiting
the target predictions in this study to joint kinematics only. However, to replicate force
plate data in outside laboratory conditions there is an increased interest in estimating joint
kinetics using wearable sensors[7, [59]. Upon availability of such reference data, this data
driven methodology can be used to generate joint torque predictions as well.

Improvements and Future Work

Experiments in preparation are geared towards assessing the performance of this control
strategy on human subjects as well as to compare it to other mode-based control strategies.

Non-time varying and subject specific features contain rich contextual information and
have shown to improve network accuracy in bio-medical applications [20]. Including non tem-
poral subject-specific data that affect gait kinematics, such as gender [14], body dimensions
[12], age[66] etc. could possibly improve performance.

Conclusion

This study aims to address the challenges faced by powered lower limb users during unstruc-
tured activities such as side shuffling and weaving around obstacles. We demonstrate here
that a data driven approach could be applicable to realize continuous control of powered
prosthesis without explicit categorization of such movements.
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65 subjects wore a motion capture suit and performed various rhythmic and arrhythmic
activities. A recurrent neural network was trained to predict ankle and knee kinematics using
the remaining joint kinematics as inputs. Performance was within 7 degrees RMS error for
test subjects excluded from training examples. These errors are generally less than 10 % of
the ROM of the corresponding activities.

A pilot benchtop study was conducted, demonstrating that the predictions and controller
can all be run in real time on real hardware with comparable performance.
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Chapter 5

AIM 3A: UNSUPERVISED LABELING FOR LOCOMOTION
MODE CLASSIFICATION

Increasing the repertoire of movements via the creation of new mode classes entails asso-
ciating an input sensor pattern with the corresponding mode label. A significant challenge
in this process is labeling the training data. This process is resource-intensive, especially for
vision data as each image needs a label. In this chapter, we describe our Primary Aim 3a,
an unsupervised method to label training data. In the subsequent chapter [6] we elaborate
this method to train a vision-to-mode classifier by using the generated labels as targets.

The method involves clustering kinematically similar knee gait cycles using an unsuper-
vised machine learning model. These cluster labels constitute "modes,” by virtue of their
similarity in the data. The unsupervised nature of the clustering algorithm facilitates reg-
ularities present in natural movements dictate the number and the characteristics of mode,
eliminating subjective bias while categorizing data.

5.1 Introduction

The locomotion mode-based lower-limb prostheses control strategy adapts to the large variety
of terrain types by categorizing them into a handful of mode classes. Each mode is designed
to generate a pre-defined reference trajectory suitable for navigating a particular type of
terrain (stair ascent, ramp). Machine learning and pattern recognition of sensor data are
employed to select the ‘right’” mode for any given moment.

Mode-based control has the advantage of being more predictable and tractable, at least
when the desired behaviors lie within the modes. To increase the vocabulary of this strategy

Figure 5.1: Very different visual scenes can have similar kinematic behavior. For example
both scenes above require flatground walking.
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to encompass more movements requires training classifiers to associate sensor data to the
right mode class. Regardless of the input sensor modality, this process requires a large
amount of training data labeled with appropriate target mode class. Current labeling is
done manually [62, 114] which is time and resource consuming, even for a modest number of
modes. In the case of vision as the input sensor, this process can be intensive as 2 visually
distinct scenes can have the same desired movements (Fig. [5.1]). For example, in [52], 37,000
vision frames were manually labeled by the researcher for data from a single subject with 3
mode classes. Manual labeling can also introduce subjective bias as the clinician or researcher
decides the corresponding mode label[62, 52]. This has often resulted in the generalization
of movements present in the data to broad predetermined mode categories. This coarse
categorization might ignore the subtle deviations from the normative mode behavior present
in the data that merits a new mode class.

Unsupervised labeling of training data for mode-based control strategy can have the
following benefits:

1. Remove human bias and allow unique and natural movements present in training data
to be identified and categorized into separate mode classes.

2. Free up researcher/clinician time to facilitate more data collection to capture other
interesting and desired movements.

The researcher and the clinician are still integral in a supervisory role for the final selection
of desired movements and the valid number of modes, as we shall describe below.

5.1.1  Unsupervised Labeling using Cluster Analysis

Our third primary aim addresses the need for a richer repertoire of movements while still
retaining the benefits and tractability of a mode-based strategy by using an unsupervised
learning approach. Unsupervised learning is a type of machine learning algorithm used to
draw inferences from datasets consisting of input data without labeled responses. Specifically,
we employ a technique known as cluster analysis.

Cluster analysis is a statistical technique that provides an objective, quantitative classi-
fication system by separating individuals into homogenous groups based on selected input
parameters. It has been successfully applied to identify patterns of gait deviations in chil-
dren with cerebral palsy [92], to distinguish the walking parameters of young from elderly
subjects [100], to segment gait phases [77]. The clusters are modeled using a measure of
similarity defined upon metrics such as Euclidean or cosine distance. Lack of ‘correct’ labels
or responses makes objective validation of cluster results challenging. However, qualitative
and quantitative analysis for resulting clusters in previous studies shows promising results.
We use similar metrics for validating the results in this study.

We apply cluster analysis to gait cycles in the training data to derive terrain mode labels
for each cycle. In prior studies, lower-limb joints as input features have consistently shown
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the most predictive power [02]. Based on this, we use time-normalized knee gait cycles as
input features. Kinematically similar knee trajectories reflecting similar activity or terrain
types would be clustered together. Hence, the cluster group labels constitute "modes,” by
virtue of their similarity in the data. The parameter to select the number of cluster groups,
and hence the kinematic patterns extracted up by the clustering algorithm, can be arbitrarily
determined by the clinician. The grouping itself is determined by natural movements in the
data. We demonstrate how the algorithm can enable making an informed decision and
examine the kinematic patterns extracted by varying this parameter.

Cluster analysis models cannot assign labels to new data. To evaluate and predict on an
unseen test data, we train a K-Nearest Neighbor using the labels generated by the clustering
algorithm. We describe the method to train and evaluate the cluster analysis model and the
KNN classifier in the following section.

5.2 DMethods

5.2.1 FExperiments and Data Collection

Ambulation data was collected for a total of 10 healthy participants with no amputation
or other mobility impairments. Recruitment and human subject protocols were performed
in accordance with the local University of Washington Institutional Review Board approval
and each subject provided informed consent. De-identified data can be made available, via
a data use agreement, upon request to the authors.

The subject’s anthropometric details were recorded and 17 wearable sensors part of the
Xsens Motion Capture system were placed on their body. This was followed by a system
specified calibration procedure and a brief test to see the quality of data being recorded.
The subjects then performed 10-15 minute trials of the desired activity. The subjects were
instructed to walk naturally at a self-selected pace. The data for these activities was collected
in public spaces during active business hours, with the intent that normal gait dynamics and
corrections would appear in the example data.

Each trial started with participants performing flatground walking in a cluttered class-
room environment with chairs, followed by sections of flatground walking in open corridors.
The participants were then instructed to ascend a flight of stairs to reach the next level,
which involved a flatground walking in corridors. Participants returned to the original level
by descending the flight of stairs. There were brief sections of atypical movements such
as opening the classroom door to enter the corridor section, short sections (2-3 steps) of
flatground in between flight of stairs.

5.2.2  Instrumentation

We collected locomotion data using the Xsens Awinda suit [4], consisting of 17 body-worn
sensors placed at key locations. Each sensor has a tri-axial gyroscope, accelerometer, mag-
netometer, and barometer. Xsens Analyse software integrates these individual sensors and
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renders a full-body avatar. After a system specified calibration, the software provides posi-
tion and joint kinematics in a 3D environment. Although other data such as limb-segment
position, orientation, acceleration are available, we used only joint angles for this study. All
angles are in 1x3 Euler representation of the joint angle vector (x, y, z) in degrees, calculated
using the Euler sequence ZXY using the International Society of Biomechanics standard
joint angle coordinate system [105]. Data, sampled at 60 Hz, from a total of 22 joints in 3
anatomical planes (sagittal, frontal, transverse) were captured for each trial, which results
in 66 total possible features for our machine learning methods.

5.2.8 Data-processing

The input to our clustering models was the right knee joint kinematics. Segmented gait
cycles were temporally normalized to 100 percent. Each gait cycle was considered a single
sample, in total yielding 6766 gait cycles in the training data. Relative euclidean distance
between each sample was used to measure similarity for the clustering process.

Due to the lack of insole data, knee gait cycles were segmented by using the contralateral
knee peak flexion as cutoffs (Fig. Similar methods have been used in other studies to
segment gait data lacking force plate data. This method is not ideal for gait segmentation.
However, this method relies on relative distances between knee gait cycles. The consistency
of using the same strategy for segmentation across the training should yield similar results
compared to methods like using foot insole. MATLAB command findpeaks was used for
determining the peaks.
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Figure 5.2: Knee gait cycles were segmented using the peak flexion angle of the contralateral
knee joint as beginning and end of the cycle. Although an imperfect method, the consistency
of the methodology should yield the same results as using foot insole based gait segmentation



95

5.2.4 Machine Learning Models

We use unsupervised learning to group gait cycles in the training data, which yields mode
labels as responses. Some of the clustering algorithms (kmeans, kmedians etc.) can label
new instances based on the model created. The hierarchical clustering models operated
by agglomerating individual samples and do not partition input space. To classify a new
instance, a classifier has to be trained using the labeled responses generated by the clustering
model. This is the traditional supervised learning approach.

Unsupervised Machine Learning - Cluster Models

Clustering algorithms can be broadly classified as hierarchical methods or non-hierarchical
methods such as K-Means. A hierarchical procedure in cluster analysis is characterized by the
development of a tree-like structure known as a dendrogram. Non-hierarchical methods are
faster to use than hierarchical ones but do not allow step-by-step inspection of the clustering
process. Hierarchical methods like Agglomerative Clustering (HAC) or Density-based spa-
tial clustering of applications with noise (DBSCAN) however provide better interpretability
even though more advanced supervised techniques such as artificial neural networks could
marginally improve classification accuracy [77]. In this study, we compare Agglomerative
and KMedoid clustering methods. We evaluate performance using computational metrics
and visual analysis.

Supervised Learning - KNN classifier

Hierarchical Clustering models cannot be applied to predict on new data. A KNN classifier
was trained to predict the mode classes of an unseen test set. The inputs to the KNN
classifier consisted of knee gait cycles from training datasets with labels generated by HAC
as targets. In KNN classification, a sample is classified by a plurality vote of its neighbors,
with the sample being assigned to the class most common among its k nearest neighbors.
We report the classification accuracy of test set.

All machine learning algorithms were implemented on Python using the scikit-learn ma-
chine learning library [73]

5.2.5 Performance Fvaluation

Validation of the resulting gait clusters is an important step in the clustering process. The
lack of true labels in unsupervised clustering makes objective evaluation of clustering per-
formance difficult. Halkidi et al[30] described three criteria to examine cluster validity

1. External criteria evaluated cluster results based on some externally known results, such
as externally provided class labels.
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2. Internal criteria quantify the data clustered itself (internal information) without refer-
ence to external information. It can be also used for estimating the number of clusters
and the appropriate clustering algorithm without any external data.

3. Relative criteria evaluate by varying different parameters for the same algorithm (e.g.
changing the number of clusters).

R-ratio is used by prior studies as a computational metric to determine the optimal
number of clusters [15],08]. This is a measure of the reduction of the within-cluster variability.

e(N, K)

R= [m_1] (N—K+1)

where e(N, K) is defined as the summation of within-cluster square distances for N pat-
terns and K clusters. The algorithm is stopped when the R ratio is large corresponding to
a large reduction in the within-cluster variability. This indicates that the clusters are quite
homogeneous

Silhouette score, Dunn-Index, and coefficient of variation are some common metrics to
quantify within-class proximity and inter-class separation for internal validation. ANOVA
comparison is used to quantitatively verify that variables of interest, e.g. knee kinematics,
in clusters are widely separated and distinct. Studies generally use a combination of these,
although final visual inspection is generally considered crucial[92].

We evaluate the cluster models as follows -

Optimal Number of Clusters and Verification: We use R Ratio and within-cluster
sum of squared error as a means to select the optimal number of cluster groups in the
training data (relative criteria). We use the Silhouette score to compare different clustering
algorithms(internal criteria).

For external criteria, 300 random samples in the training data set were manually labeled
to belong to one of the 3 dominant classes - flatground, stair ascent, and stair descent. We
report the percentage accuracy of these samples being assigned the right cluster by the HAC
algorithm

Kinematic Analysis: ANOVA and Posthoc Tukey We analyze knee kinematics ex-
tracted from K=3 and K=4 number of cluster groups. We perform ANOVA on the group
samples followed by the post-hoc Tukey test to show differences between groups. Group mean
and 25 percentile SD of the trajectory for each cluster group is shown for visual analysis.

Unseen Test Data: Kinematic data from a test subject excluded from the training cohort
is manually labeled to serve as group truth for performance evaluation of the KNN classifier.
We report the percentage of accurately labeled gait cycles.



57

5.3 Results

In this section, we report the results from the unsupervised labeling of training data using
the Hierarchical Agglomerative Clustering (HAC). We determined the optimal number of
clusters to be K=3, which encompassed flatground, stair ascent, and stair descent modes.
The dendrogram of the HAC provides a visual representation of the cluster groups. We
explore the cluster groups and the kinematic patterns when the parameter is changed to
K=4. The performance of the clustering algorithm was evaluated on a subset of the training
set. A KNN classifier trained on the same training inputs had an accuracy of 94% accuracy
for an unseen test subject data.

Optimal Number of Clusters and Comparison of Cluster Models

R ratio peaked at K=3 number of clusters indicating 3 dominant kinematic patterns (Fig
[5.3al The silhouette score also peaked at K=3. Both clustering algorithms had approximately
similar performance both metric (R-ratio and silhouette score)

Dendrogram

A dendrogram aids in visualizing and interpreting the resulting cluster groups along with
their sample sizes, their mutual similarity by clustering metric, or linkage distance. Going
from the top, the dendrogram allows informed decisions about the similarity of the occurring
patterns or cluster groups in the data. Leaves represent the clusters. Leaves in the same
branch are similar in terms of linkage distance between the clusters.

For eg. Fig. shows the last 4 cluster agglomerations that resulted from 4 different
kinematic patterns existing in the training data set. Further analysis of the samples in each
of the cluster groups revealed that the groups correspond to flatground walking around chairs
as obstacles, flatground walking in long corridors, stair ascent, and stair descent.

The dendrogram demonstrates the ability of the HAC to differentiate between flat ground
walking in long corridor sections versus the flat ground walking inside classrooms. The latter
which involved avoiding chairs could be considered a different ‘mode’ for prosthetic control.
When this level of distinction is not desired, the group will be merged into a single "flatground’
group, still distinct from stair ascent and descent.

Kinematic Patterns in Cluster Groups

The parameter K, the number of clusters decides the truncation of the clustering tree. This
decision can be based on prior knowledge of the terrain types in the training data or by
analyzing the dendrogram (Fi and the resultant cluster groups. For e.g. with K=3, the
kinematic patterns extracted are shown in Fig[5.5h. These patterns correspond to flatground,
stair-ascent and stair descent.

If the number of overall classes was selected to be 4, a fourth cluster emerges with a
pattern resembling flatground walking but with subtle variation (Fig [5.5b). This variation
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Figure 5.3: Hierarchical Agglomerative Clustering (HAC) and K-Medoid had approximately
similar performance for R-ratio (a) and Silhouette score (b). Both metrics (higher value is
better) favored the optimal number of clusters to be 3 for both clustering algorithms.
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Figure 5.4: The dendrogram is a graphical representation of the cluster groups and their
relationships. For e.g., with group labels starting with 0 from the left, cluster groups 0 and 1
belong to the same branch. Cluster groups 2 and 3 are distinct from groups 0 and 1. Visual
analysis of the patterns in each of the groups reveals that groups 0 and 1 correspond to
flatground in two different scenarios. Group 2 cluster contains all the stair ascent samples
and group 3 was determined to contain stair descent samples.

corresponded to flat ground walking inside classrooms, avoiding the chairs as obstacles.
Depending on the choice of the researcher/clinician, this pattern could be categorized as a
separate class or lumped under a single flatground class, as is the case when K=3.

The average pattern for each group could be used as the reference trajectory for mode-
based control.

Clustering Performance

300 random samples in the training data were manually labeled to belong to one of the 3
dominant classes - flatground, stair ascent, and stair descent. The cluster labels of these
samples were analyzed to verify if the algorithm accurately assigned these samples to the
right cluster groups. The confusion matrix is shown in Table HAC had an overall
accuracy of 95%, with 97% accuracy in grouping flatground samples, 100% for stair ascent
samples, and 94% for the stair descent samples.
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(b) Extracted patterns when the number of clus-
ter groups is chosen to be 4. Group 0 and 1
correspond to flatground walking with and with-
out obstacles. They are grouped together when
K=3 (top) but can be separated into two sepa-
rate modes when precise control is desired.

Figure 5.5: Mean patterns and 25% percentile of samples when the number of clusters is
chosen to be K=3 (top) and K=4 (bottom). A new variant of flatground walking is extracted
when K=4 corresponding to flat ground walking avoiding big obstacles (chairs). The mean
patterns can be used as reference trajectory for the corresponding mode



Predicted Flatground | Stair Ascent | Stair Descent
Actual
Flat ground 256 0 2
Stair Ascent 18 0
Stair Descent 1 0 33
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Table 5.1: Confusion matrix of actual and predicted cluster group labels for the 300 randomly
selected samples. Samples were manually labeled to ascertain actual grouping.

Test set Prediction Performance

The generated cluster groups with their labels were used as targets to train a KNN classifier
with the intent to classify the kinematic knee gait cycles of an unseen test subject data.
Ground truth information was determined by manual labeling.

The classifier accurately predicted classes of 94% of gait cycles. These class labels will be
the basis of locomotion mode class. Interestingly, genuine variations in gait from the three
main classes were detected by the model but were mislabelled. For e.g., the transition to
stair ascent was detected to be different from flatground and stair ascent gait. But due to
lack of the right class to associate this pattern with, it was labeled as stair descent. Similarly,
the flat ground sections between the flight of stairs were accurately distinguished but were
classified as stair descent. For simplicity, ground truth for these deviations was assigned as
one of the three dominant classes neighboring the section. A higher number of clusters could
result in these aberrations being clustered into separate mode classes.

5.4 Discussion

In this chapter, we address the need to increase the repertoire of movements in the mode-
based control strategy to encompass more diverse activities. Previously, this would entail
the resource-intensive process of manually labeling the sensor data for mode recognition.
This process is also prone to subjective bias as the researcher categorizes data with the
corresponding pre-determined mode label. We demonstrate a method to implement this
process as an unsupervised learning problem requiring minimal human intervention. The
categorization of data is dictated by the uniqueness of the movements thereby eliminating
bias.

The data in this study comprised of 3 very unique 'modes’ along with some atypical move-
ments. To broaden the repertoire of movement beyond the current mode-based capability
would require more diverse terrain types. However, the aim of this study is to demonstrate
the capability of the method to categorize movements without human bias. For e.g. the
flatground activity in the classroom environment involved slight deviations relative to the
open corridor environment. Upon further analysis, we observed these deviations were due to
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Figure 5.6: A KNN classifier was trained using the labels generated by the clustering model.
Classification of gait cycles of an unseen test subject data had a mode classification accuracy
of 94%. Ground truth was assigned to be one of the three dominant classes (flatgound,
stair ascent and descent). Genuine variations in gait were extracted by the model but
were mislabelled. For e.g., the transition to stair ascent was detected to be different from
flatground and stair ascent gait. But due to lack of the right class to associate this pattern
with, it was labeled as stair descent.

the weaving around the obstacle(chairs). Human labeling would generalize these into a single
flat ground mode despite their slight differences. The clustering algorithm could differentiate
these enough to form their mode classes.

We use knee gait cycles as input features to cluster gait data due to its high correlation
to environment features. Other lower body joints have also been used towards clustering
gait[92]. Full body or other joints as input features could improve clustering performance.

The gait cycles in this study were segmented using the peak contralateral knee flexion.
This would lead to slight inaccuracy. However, the method we apply relies on comparison
of knee cycles, which presumably remains unaffected by choosing different points in the gait
phase to segment cycles.

The similarity was measured using Euclidean distance as the metric. Other distance met-
rics such as Dynamic Time Warp distance have been used in studies towards measuring the
similarity of knee gait cycles[115, [76]. Future studies will focus on a thorough investigation
of other distance metrics and clustering algorithms.
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5.5 Conclusion

Limited number of movements is a major impediment towards usage of powered limbs. A
significant challenge in expanding the number of movements in current prosthetic control
strategy has been the need for labelled training examples. In this chapter we demonstrate
a method for labeling training data without human intervention. In the subsequent chapter
we use these generated labels to train a vision classifier to explicitly sense environment and
anticipate terrain changes.
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Chapter 6

AIM 3B VISION FOR PROSTHESIS CONTROL USING
UNSUPERVISED LABELING OF TARGET MODES

Transitioning from one activity to another is one of the key challenges of prosthetic
control that we address in this dissertation. Vision sensors can be a window into the up-
coming activities of the user providing almost 2 secs of look-ahead relative to body sensors
(EMG, mechanical). This look-ahead window, also known as lead-time, could be employed
to anticipate and trigger transitions and provide a smooth user experience.

A significant bottleneck in using vision sensors has been providing labeled training exam-
ples. In the previous chapter, we discussed an unsupervised method to acquire mode labels
for kinematic gait cycles in training data. In this chapter, we correlate the acquired labels
with images from the same training data to train a vision classifier. The classifier predicts
the target mode an average of 1.8 seconds before the kinematics changes. We report 96.6%
overall and 99.5% steady-state mode classification accuracy. Apart from using an unsuper-
vised model generated target labels, this study differs from prior work in applying transfer
learning for the vision classification. Transfer learning utilizes the learned knowledge from a
source task to a different task. This improves generalization, especially when the target task
has a limited training dataset, as is often the case with prosthesis studies.

6.1 Introduction

Powered prostheses are constantly improving, becoming lighter, more rugged, and more
capable with each iteration [10 55]. Designing effective control systems for these advanced
robotic devices to emulate human locomotion posits a challenge. Most current prosthetic
control architectures can generally be described as a 3-layer hierarchical Finite State Machine
[96], 113]. Intent recognition or estimation of the user’s locomotive intent is performed as the
high level. The mid level translates this intent to generate a corresponding biomechanical
reference trajectory. The low level comprises a device-specific controller responsible for
tracking the trajectory.

High-level intent recognition is based on modes of operation corresponding to activities,
such as flat-ground walking, running, or stair ascent. Machine learning techniques are used
for pattern recognition of sensor data to estimate the current mode and transitions. Training
the machine learning models require examples of sensor pattern labeled with corresponding
target modes.

Most research and commercial powered prosthesis use body-based sensors such as EMG
and mechanical sensors for intent mode recognition. They focus more on user intent and are
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Authors Sensor Type | M/L Model | Ground Truth Basis | Number of Modes | Results
Massalinet al | Depth SVM Foot placement 3 94% OCA, -0.33 ms(delayed)
Zhang et al Depth CNN Foot placement 5 98% OCA, + 3.3s lead-time
Yan et al Depth FSM Foot placement 4 100% (SS) + 82% OSE
Huang et al | RGB Bayesian NN | Foot placement 3 types of flat + 2 95% OCA, 89% (for 1s lead time)
Nili et al Depth Visual field 2 98% OCA
Brock et al RGB CNN Visual field 3 94% OCA
Torres et al | RGB CNN Visual field 2 98% OCA
Table 6.1: A summary of studies using vision for prosthesis control. Performance reported

as Overall Classification Accuracy (OCA) or Steady-state Accuracy (SSA), and lead times
during transitions

considered implicit environment sensing modalities as they indirectly sense the environment
by measuring user and device state.

Lack of explicit environment understanding results in poor control performance more ev-
ident during terrain transitions [40]. EMG activity precedes movement by about 100ms [g].
This precludes its usage to detect environment and predict locomotion modes of amputees
in advance. They are also user-dependent sensors requiring subject-specific calibration and
training. User independent training could improve classification accuracy [109], and pre-
sumably allow off-the-shelf use of the device. Implicit sensing also compromises the fault
tolerance of the system by focusing solely on user state for error correction [32].

A user-independent sensor with ability to directly sense the environment, and anticipate
transitions in advance would allow for triggering a change in controls at the right moment.
It would also improve overall robustness of the system [96], [95].

6.1.1 Vision for Explicitly Sensing Environment

Humans use vision to sense the environment and fluidly adapt to upcoming changes. Even
with wide variability of terrains, humans consistently looked 1.5 seconds ahead of their
current location [63]. This is similar to look ahead timing seen in research on other motor
actions, such as stair climbing, suggesting that this timing plays an important role in human
movement [72)].

Vision sensor is a user-independent method to explicitly sense the environment. It can be
used to detect changes in terrain in advance relative to EMG activity or mechanical sensors
measuring body kinematics (Fig[6.1)).

With improved sensing and miniaturized computing in recent years, vision as a sensing
modality has been increasingly researched for improving prosthetic control [62] 52], 114, [107].
A few practical challenges still remain before commercial adoption of vision in prosthesis.

A common approach is to train a classifier on images as inputs and corresponding mode
labels as targets. Studies currently employ manual methods of labelling, which could be based
on foot placement (kinematics) or based on visible features in image data. This entrenches
subjectivity particularly near transitions[52]. Moreover, this process is time and resource
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Figure 6.1: Vision sensor can foresee a new terrain before body kinematics change. In this
example, the stair ascent was in the visual data stream almost 7 seconds prior to navigating
the stairs. Vision can also provide information about current environment to provide fault
tolerance and improve robustness
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consuming, even for modest number of modes. For example, [52] 37000 vision frames were
manually labeled for data from single subject with 3 mode classes.

Similar to EMG based approach, machine learning is employed for pattern recognition
of sensor data for mode classification. Deep-learning models are the current state-of-the-
art for image classification[33], 48]. Best results in mode-classification using vision have
also leveraged variants of deep-learning models [117, [IT4]. Given the rapid advancement in
embedded technology for deep-learning inference, it seems likely that future studies would
choose this strategy as well. Table summarizes the studies using vision as sensor for
explicit environment sensing.

Practical application of deep-learning requires large training data-set. Comparing other
domains which use vision for robotic control [56], the size of training data in the current
prosthetic studies have been far fewer. This can limit generalization as the deep-learning
models learn only the features pertaining to the limited training data.

6.1.2 Unsupervised Labeling and Transfer Learning for Prosthesis Control

In the previous chapter, we demonstrated a method for unsupervised labeling of kinematic
training data from a clustering model. Here, we expand the same process to apply the model
generated training labels for images. This allows training a vision classifier without the need
for manual labeling.

We use Transfer Learning, a technique used in machine learning to accelerate learning
and improve generalizability [93], [70]. Transfer learning paradigm leverages the knowledge
acquired for one task to solve related ones. Generally, the source model is trained with a
larger data-set and applied to a task with limited training examples. [82] [46].

The Convolutional Neural Network classifier used in this study is pre-trained on a million
images from ImageNet dataset [85]. By transferring the learned features from this extensive
dataset, the relatively small training set can still yield high classification accuracy. We
compare the performance achieved with transfer learning with a model trained purely on our
data.

We report lead time of labels predicted by vision classifier compared to kinematic based
labels. The lead time is defined as the time elapse between when the vision system recognizes
the change of environments and when the body kinematics reflect the change. We report
overall and steady-state classification accuracy of the classifier for a test set with manually
labeled ground truth. To summarize, in Aim 3a and 3b we

1. Demonstrate an unsupervised method to automatically label gait training data.
2. Apply the model-generated labels as targets to train a vision classifier.

3. Quantify the lead time using the vision classifier compared to mechanical sensor (kine-
matic) data.
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4. Analyse the knee kinematics of each of the cluster groups and examine how the algo-
rithm can help inform the appropriate number of modes present in the data.

6.1.3 QOverview of Vision to Kinematics

Training: Translating vision directly to associated kinematic behaviour is hard. Instead,
a CNN classifer can be trained to classify image data to locomotion mode labels (Fig [6.24)).
The target labels for images are derived from clustering knee gait cycles (blue arrow) in the
training set. Each cluster group comprises of gait cycles clustered based on similarity. Since
kinematically similar behavior will be needed to locomote similar terrains, the cluster group
labels are regarded as the locomotion mode labels.

Inference Unseen images are forwarded to the CNN classifier to predict vision labels V;
(Fig . Although the CNN classifier was trained on kinematic based labels, predictions
are made based on visual similarities to the training images. Since a new terrain will be visible
before body kinematics adapt, the predicted vision label will lead the kinematic based K,.
This key assumption allows anticipation of terrain transition before the user body reacts to
the change.

6.2 DMethods

6.2.1 Data Collection and Experiments

Ambulation data was collected for a total of 10 healthy participants with no amputation
or other mobility impairments. Recruitment and human subject protocols were performed
in accordance with the local University of Washington Institutional Review Board approval
and each subject provided informed consent. De-identified data can be made available, via
a data use agreement, upon request to the authors.

The subject’s anthropometric details were recorded and 17 wearable sensors were placed
on the their body. This was followed by a calibration procedure and brief test to see quality
of data being recorded. The subjects then performed 10-15 minute trials of the desired
activity. A head mounted ego-centric camera from Pupil Labs [45] was calibrated and used
to collect visual data. The subjects were instructed to walk naturally at self-selected pace.
The data for these activities was collected in public spaces during active business hours, with
the intent that normal gait dynamics and corrections would appear in the example data.

Each trial started with participants performing flatground walking in a cluttered class-
room environment with chairs, followed by sections of flatground walking in open corridors.
The participants were then instructed to ascend a flight of stairs to reach the next level,
which involved flatground walking in corridors. Participants returned to the original level by
descending the flight of stairs. There were brief sections of atypical movements such as open-
ing the classroom door to enter the corridor section, short sections (2-3 steps) of flatground
in between flight of stairs.
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Figure 6.2: Translating vision directly to associated kinematic behaviour is hard. Instead,
image data can be classified into locomotion mode classes, each with an associated kinematic
profile. For trainine the vision classifier. the tarcet labels are acauired from clusterine knee



70

Knee
Kinematics

Kinematics 0 - Flatground 1- Stair Ascent
Mode Label < > >

Images 1
(5Hz) —_—r r

Single Image
Frames

All Images Tagged Label 1
All Images Tagged Label O

Figure 6.3: Each gait cycle has a label. All images corresponding to the duration of the gait
cycle are tagged the same label

6.2.2 Instrumentation

We collected locomotion data using the Xsens Awinda suit [4], consisting of 17 body-worn
sensors placed at key locations. Each sensor has a tri-axial gyroscope, accelerometer, mag-
netometer, and barometer. Xsens Analyse software integrates these individual sensors and
renders a full-body avatar. After a system specified calibration, the software provides posi-
tion and joint kinematics in a 3D environment. Although other data such as limb-segment
position, orientation, acceleration are available, we used only joint angles for this study. All
angles are in 1x3 Euler representation of the joint angle vector (x, y, z) in degrees, calculated
using the Euler sequence ZXY using the International Society of Biomechanics standard
joint angle coordinate system [105]. Data, sampled at 60 Hz, from a total of 22 joints in 3
anatomical planes (sagittal, frontal, transverse) were captured for each trial, which results
in 66 total possible features for our machine learning methods.

6.2.3 Image Labeling

Image data was collected using the head mounted camera and down-sampled to 5Hz. Unsu-
pervised cluster model was used to generate mode labels for every gait cycle (See Chapter
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. An average human gait cycle duration is about 1second[67]. At sample rate of 5Hz for
image data, a single gait cycle contains about 5 images. All images corresponding to the
duration of the gait cycle are tagged the same label as shown in Fig 6.3

6.2.4 Machine Learning
Models

To improve generalization and to offset a relatively small training data size, we apply a
technique called Transfer Learning. This is achieved by training a model on a large dataset
(eg. ImageNet) and then transferring the learned knowledge (features, weights) by fine-
tuning the model to a different dataset. This approach has shown to improve efficiency and
performance as the network is not trained from scratch. More importantly, the features
learned from the large dataset usually carries over to the new dataset and improves accuracy
compared to a randomly initialized model[46].

The pre-trained model is adapted to the new dataset by training only the last layer,
known as the head, responsible for generating the class labels. The rest of the model, known
as the body or backbone, is frozen to retain the learning from the large dataset. If more
precision is desired, the model can be fine-tuned by unfreezing the body and retraining the
whole model but with low learning rate. This low learning rate ensures that model is not
drastically perturbed while fine-tuning of the layers.

In this study we use a ResNet-18 a convolutional neural network that is 18 layers deep[33].
The network is pre-trained on more than a million images from the ImageNet database [85]
with images from 1000 object categories, such as keyboard, mouse, pencil, and many animals.
As a result, the network has learned rich feature representations for a wide range of images.
We fine-tune this network to classify terrains into 3 classes(flatground, stair-ascent, and stair
descent). The network has an image input size of 224-by-224. For comparision, we also report
results from a randomly initialized ResNet-18 model.

Data

Kinematic and Vision Labels: Current research on vision for prosthesis distinguishes
between 2 types of labels or ground truth for the data. Terrain labels can be based on

1. Current kinematic behaviour which generally uses foot position.

2. Visible features of the terrain in image data.

Since visible features of the new terrain can be in the image from a long distance, vision
based labeling is prone to subjective bias[62, [52]. More importantly, for our purpose, this also
means that vision based label will generally precede kinematics based labels. This lead-time
is the main benefit of using vision to anticipate transitions
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Steady-State and Transition Data: A common trend amongst in prosthetic control
research is to separate steady-state and transition sections [42], [62]. Steady-state comprises
sections of data without any terrain or activity changes, where a periodic gait cycle is re-
peated. Transitions consist of sections with locomotion mode changes. The performance
evaluation of transition, however, is less clearly established, which we discuss below.

Training and Inference Process

Training: The training process uses labels generated by the unsupervised model to train
the vision classifier.

1. Knee gait cycles in the training dataset are clustered into optimal number of clus-
ters using an unsupervised clustering algorithm (training-blue arrow). Each group is
assigned a kinematic mode label.

2. Each gait cycle has several corresponding images (Fig . The label associated with
a gait cycle is used to tag all the corresponding images.

3. A CNN classifier is trained on the images as inputs and tagged labels as targets(training-
green arrow)

Inference: Since a new terrain will be visible before body kinematics adapt, the predicted
vision label will lead the kinematic based K;. We define the lead time as

1. During inference, images are forwarded to the CNN classifier to predict vision labelsV;
(inference-green arrow).

2. For steady-state gait, the predicted V; will match the K; mode label.

3. For an upcoming transition, new terrain will visible prior to the EMG or kinematics
change to adapt. Hence the mode labels predicted by CNN classifier precede kinematic
based labels. That is V; will match the mode class of K a;

4. Each mode label was originally derived from a cluster group comprising of several
samples of gait cycles clustered based on similarity. The spatial average of the samples
of a group can be used as representative reference trajectory for that mode label (e.g.
flatground). In our study this reference pertains to knee joint angle trajectory, however
any behaviour can be associated to a mode label.
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Training with Steady-State Data Only: The approach described above relies on trans-
ference of kinematic based labels to vision data. Kinematic sensor data are inherently delayed
and hence the labels represent the mode class after transitioning to new terrain type. As such,
this labeling scheme is only valid for steady-state sections. Hence, we train the vision clas-
sifier on steady-state data only. About 3 seconds of data prior to transitions are considered
‘transition’ data and omitted from training. This allows the classifier to predict transition
sections without a firm correlation to kinematic labels. This behaviour is desired for a larger
lead-time. Consequently, while evaluating performance and reporting steady-state accuracy,
transition sections are omitted.

6.2.5 Performance Fvaluation and Analysis

Vision based prosthesis studies employ 3 evaluation metrics to evaluate various characteristics
of resulting performance. Overall classification accuracy (CA) is the percentage of accurately
labeled images relative to all images in the test data. Steady- state classification accuracy is
similar but omits transitions sections of the data.

Evaluation of performance for transitions is not clearly defined and several methods are
observed in studies (Table[6.1). In EMG studies [111], 110, specific gait events such as toe off
from the level ground to upstairs and heel contact from down stairs to the level ground are
used to estimate the deadline of locomotion transition. Prediction lead time with respect to
this deadline is used to quantify the anticipatory response of the system. [107] use a similar
approach by segmenting gait and use mid swing as the critical deadline. However, they
report the percentage of transitions detected before the foot lift of the leading limb. [114]
report lead time for a CNN based vision classifier with respect to kinematic based labels.
[117] defined the transition period as the 5 second period before a transition and report
terrain prediction accuracy during these periods. [62] report percentage of total transitions
detected.

We report overall CA, steady-state CA and the lead time of the vision based label with
respect to the kinematic labels for every terrain type.

6.3 Results

Performance of the vision classifier was evaluated on test set with manually labeled ground
truth. Fig shows the predicted and actual mode labels for unseen test subject data.
Transitions and lead-times are also shown.

6.3.1 Classification Accuracy

The classifier pre-trained on the ImageNet data (containing a million images) achieved an
overall CA of 96.6% and steady-state CA of 99.5%. In comparison, the classifier initialized
with random weights had an overall CA of 95.7% and a steady-state accuracy of 99.14%.
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(b) Transfer-Learning Model: Predicted mode labels for an unseen test set using a ResNet-18 model
pre-trained on ImageNet data.

Figure 6.4: Predicted and actual mode labels for an unseen test subject data. Transfer
learning improved overall classification accuracy and average transition lead-time. Lead-
time is defined as the time elapsed between the vision system detecting a change in terrain
and the body kinematics of the user changing to adapt to the new terrain.



75

Base | Tranfer-Learning
Model Model

a | 0.83s 1.17s

b | 2.5 2.67s

c | 1.5s 1.0s

d | 4.517s | 2.52s

e | 1.167s | 1.0s

f | 3.183s | 2.849s

g | 1.85s 1.85s

Table 6.2: Transition lead-times for the base model (with randomly initialized weights) and
the transfer-learning model (with pre-trained weights). Base model had a lower average lead
time of 1.08 seconds compared to 1.8seconds achieved by the transfer-learning model. Certain
particular transitions such as stair-ascent to flat ground and stair-descent to flatground had
relatively better lead time with the base model.

We see that transfer learning does improve the performance but the test data size is limited
to make an accurate assessment. We discuss this in the next section

The system noted 99% steady-state and 96% overall accuracy of mode classification.
Transitions were detected an average of 1.8 secs before kinematics changed to adapt to the
new terrain.

6.3.2 Transitions

The classifier pre-trained on the ImageNet data had an average lead time of 1.8 seconds,
while the base model (randomly initialized) had an average lead time of 1.08 seconds. Once
again, tranfer learning approach improved performance. Interestingly, however, lead-times
for some of the transitions such as transitioning to flat-ground from stair ascent (f) and stair
descent (d) was significantly better for the base model (Table [6.2)).

6.4 Discussion

The aims described in this chapter and the previous chapter [5]together demonstrate a method
for training a vision classifier without the intensive process of manually labeling the responses.
We show that explicit environment sensing would enable detection of transitions almost a
full step in advance. This way of anticipating terrain changes would allow the prosthesis to
execute a smooth transition to the desired locomotion mode.

Vision being a user-independent sensing modality also allows better error-correction by
not relying solely on user actions for the same.
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The system noted a high steady-state classification of 99% for 3 modes. But as au-
thors of [52] noticed, individual mode accuracy matters. Most datasets, including ours, are
unbalanced consisting mostly (80%+) of flatground.

We aimed to improve generalizability by leveraging knowledge learned from other datasets.
The transferred model was pre-trained on a million images of the ImageNet dataset. This
method has been known to improve performance when the target dataset is limited. This
transferred model showed a slight improvement over the randomly generated base model.
However, the test data used to evaluate our models was collected in the same environment
as the training set. A test set with different environmental features would be a true test of
the generalizability of transfer learning.

The average transition performance of the transferred model was better than the ran-
domly initialized base model (1.8secs vs 1.08). Interestingly, however, certain transitions
such as stair descent to flat ground showed larger lead times with the base model. We ex-
pect this to be a result of the model over-fitting to the particular scenario. As discussed
above, the test set and training set are quite similar in their visual features. A more diverse
environment as the test data will shed more light on this performance boost seen in the case
of the base model.

6.5 Conclusion

Humans rely on vision to navigate and adapt to the complex and ever-changing environ-
ments surrounding us. Current prosthesis control could benefit from the same environment
awareness. However, training vision classifiers require a significant amount of training data
and resources to manually label the desired responses. As our primary aim 3, we address
both these challenges. We present a novel method to acquire labels without much human
supervision in the previous chapter. We apply these labels to train a vision classifier that
leverages knowledge learned from a large public dataset. We show that terrains can be ac-
curately estimated 99% of the time and transitions can be anticipated almost 1.8 seconds in
advance. This could enable prosthesis to implement smooth and safe control.
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Chapter 7

REAL-TIME TESTS OF THE COORDINATED MOVEMENT
CONTROLLER

In this chapter we extend the analysis and results described in the previous chapter,
towards actively controlling a powered limb in real time.

7.1 Experiment Setup

The pipeline of the Coordinated Movement (CM) controller entails 1) acquisition of kine-
matics from Xsens, 2) pre-processing of the data (See Section a,b), 3) predicting the
prosthetic joint trajectories by the neural network, and finally 4) translating these predic-
tions for lower-level control of the Open Source Leg (OSL). The lack of HD processing (See
Section of kinematics can introduce noise and error in predictions. The pre-processing
of data and predictions are operations that take finite time. A delay or error in response of a
load-bearing prosthesis could result in critical injuries in a real-life scenario. This real-time
test demonstrates the overall latency in the CM pipeline as well the quality of live predictions
and evaluates the safety of the CM controller prior to actual subject experiments.

We used the Open Source Leg (OSL) [10], a modular lightweight robotic leg designed to
facilitate a common hardware test-bed for prosthetic control research. It provides an open
source API to control position, torque and impedance of the knee and ankle joint making it
an ideal platform to compare different control strategies.

A person with no amputation wearing an Xsens motion capture suit ambulated on a
treadmill at a self-selected speed (Fig . A real-time controller built using Xsens Python
SDK acquired live kinematics as inputs. Right ankle and knee joints were omitted as they
were the intended target prosthetic joints. An LSTM neural network (see Section
pretrained on offline flat-ground walking data (to match the treadmill walking) was used
to predict right ankle and knee joint kinematics from the inputs. These predicted joint
kinematics were encoded to actuator positions on the Open Source Leg. The controller ran
on a GPU powered laptop tethered to the OSL.

7.2 Results

A single individual who was not a part of the training cohort was used for a systems test.
Kinematics were collected as they walked on a treadmill at self selected pace. These data were
played as inputs to predict ankle and knee joint trajectories for the Coordinated Movement
controller for a prosthetic limb in real-time (Fig. . For the knee joint, the average
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Figure 7.1: Real-time setup with Open Source Leg (OSL). An individual wearing the motion
capture sensors walked on the treadmill at self-selected speed. Live kinematics from the suit
were used as inputs to a pre-trained network that generated right ankle and knee predictions.
These predictions were used to actuate the OSL in real time.
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Figure 7.2: Knee joint predicted (red) and actuated trajectories (blue) during the real-time
tests with treadmill walking activity. For this trial, predicted trajectory had an RMS error
of 17.62 degrees and the actuated trajectory had an error of 10.38 degrees, with respect to
the actual trajectory executed by the subject(green).

RMS error was 17.62 degrees for the network predictions and 10.38 degrees for the actuated
trajectory. These errors were higher than the offline results seen in Fig. [£.4] for flat ground
activity. The error was calculated with respect to the actual knee trajectory measured on
the test subject, which represents the ideal or the desired trajectory.

7.3 Discussion

The real-time test demonstrated the feasibility of our controller to actuate a prosthetic
leg. The RMS error of the real-time predictions were slightly greater than those observed
in offline analysis, underscoring the role of algorithmic data-processing in wearable motion
capture. Raw motion-tracking data is inherently noisy. Xsens real-time engine mitigates this
by accommodating sensor drifts and correlating independent sensor data to a human body
model. A post processing engine further improves data quality by including past, present,
and future samples. While offline analysis has the benefit of using the clean post processed
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data, the real-time control does not. This results in poorer prediction performance. This
deviation in distribution of the data in test compared to training, known as covariate shift,
is commonly seen in machine learning. This could be alleviated by using raw unprocessed
data, or processed data with artificial noise, as training inputs to simulate the real-time data.
Generation of synthetic training data using Generative Adversarial Networks (GAN) could
allow the network to be more robust to sensor noise[39]. A more thorough long term solution
could be to engineer an algorithmically light version of the post processing engine to operate
on real-time data as well. The whole pipeline of operations resulted in a lag of less than
0.05 seconds in the response of the prosthetic leg. For upper-limb protheses a delay greater
than 300ms is considered significant [I8]. However, this value has not been established for
lower-limb prostheses.

An impedance or torque based prosthetic controller is likely to be more comfortable
relative to position control. Current commercial wearable sensors provide only position
estimates, limiting the target predictions in this study to joint kinematics only. However, to
replicate force plate data in outside laboratory conditions there is an increased interest in
estimating joint kinetics using wearable sensors[7, 59]. Upon availability of such reference
data, this data driven methodology can be used to generate joint torque predictions as well.

7.4 Conclusion

Real-time tests provided valuable insights into user experience for the CM controller. The
value of clean input kinematics was underscored. An impedance or torque based control may
provide a smoother user experience and should be explored as an alternative to the position
control strategy demonstrated here.
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Chapter 8
CONCLUSION

Today’s prostheses artificially constrain movements of lower limb prostheses, forcing users
to shape their life around what their leg CAN'T do. In my work, I've investigated how
to break the mold using several state-of-the-art techniques. First, I've demonstrated that
vision-based sensing and control can make prostheses anticipate the terrain around them with
high accuracy, even in terrains they haven’t seen before (Fig. Second, I've shown the
potential of using the body’s own intact movements as a guide for continuously controlling
the prosthesis - opening up the full range of human movements (Fig . With these results,
we can envision a path forward where users of lower limb prostheses instead shape their life
around what their leg CAN do.

To improve sensing, we obtain environment information while reducing the over reliance
on user-dependent sensors. User dependent sensors focus more on user state, even for en-
vironment information. This can increase the cognitive burden on the user. Safety is also
compromised as the controller has to rely on user movements to recover from errors. The
error causes disturbance in the user state and reliance on this disturbed state to recover can
result in a vicious cycle of errors. User dependent sensors also need user-centric calibration
and customization which require a trained prosthetist.

Vision as a user independent sensing modality addresses a lot of these limitations. We
show 2 ways of using vision for environment sensing. Both methods explicitly sense the
environment and can complement user dependent sensors. Such a complementary system
will suffer from different sources of errors, improving the overall system robustness. Individ-
ual user based customization is also minimized which could presumably allow off-the-shelf
deployment.

Towards a new control paradigm we demonstrate a continuous controller which is a radical
shift from the current discrete mode-based strategy. Without categorization of movements,
this coordinated movement controller provides continuous commands without explicit tran-
sition mechanisms. Change from one type of movement to another occurs naturally, using
the body inter-joint coordination.

A key benefit of the data-driven strategy is the scalability to add new movements on
demand, without compromising the performance of existing movements. A neural network
can be retrained with data comprising current and new movements. This can be done offline
and downloaded on to the device to incorporate a richer repertoire of movements.

Although our aims focus on sensors and control strategies separately, they both form an
integral part of the user experience. Future work should focus on a framework integrating
vision with mode-based or continuous control strategies.
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With over a million amputees across the globe living in different socio-economic and cul-
tural backgrounds, a standard one-size-fits-all solution is a futile quest. In regions with low
availability of individualized health-care personnel (e.g, trained prosthetist), user-independent
and off-the-shelf sensing may be desirable. Safe and predicable behaviour of mode based con-
trol could be desirable by high fall risk or elderly users with low mobility. Low mobility users
with few frequently visited areas can also benefit more from localization based application
of vision than the more generalized terrain recognition one.

Affordability will be a major factor for most of the world population. A low-functioning
cheap prosthesis with a handful of mode based movements may suit the needs of a few. A
high functioning continuous control with an option of downloading movements to suit the
environment and profession may be the choice of others.

In this dissertation, we provide different avenues towards a more life-like prosthesis for
powered limb users across the globe. Although many hurdles still remain, we hope that
pieces of this research will empower someone to walk, or perhaps even dance, again.
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