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Abstract

Decades of advancements in the development of myoelectric signal processing
techniques have made prosthetic devices an effective means of functional replacement for
upper limb amputees. One of the control approaches that has been widely researched in
this field is pattern recognition (PR) based control using electromyography (EMG)
signals, which has only recently become commercially available. There are many
opportunities to improve the user experience using PR control. One important issue is
optimizing the training of the PR controller, which requires the collection of appropriate
data. Although the inclusion of confounding factors (such as varying limb position) in the
training data has been shown to significantly improve the performance of the pattern
recognition approach, little work has focused on how to actually elicit the training

contractions themselves.

This work examined two existing training techniques that are currently being used in the
field (ramp contractions, and Velocity Guided Training), and introduces two new
alternative training methods; Position Guided Training and an alternate position guided
training (Position-Reset Training) approach to mimic the prompts for Prosthesis Guided
Training (PGT). The comparison of approaches was motivated by a desire to incorporate
more dynamic motion into the training process, which may better reflect the actual use
case compared to existing methods. It was hypothesized that the new methods would
provide more relevant training data which would result in improvements in real-time

performance and usability in a virtual target acquisition task.

Thirteen able-bodied subjects (9 male and 4 female, mean age 24 +/- 2.1 years)

completed a Fitts’ Law based usability test using controllers trained with each of the



training methods. For each method, EMG data representative of five different motions
(hand open, hand close, wrist pronation, wrist supination, and no motion) were recorded
and used to train the controller, before completing 24 repetitions of the target acquisition

task.

Comparison of real-time performance metrics showed no significant difference between
the ramp, Position Based Training and Position-Reset Training approaches. Velocity
Guided Training, however, the currently employed method of Prosthesis Guided
Training, obtained significantly better movement efficiency (p<0.05). No significant
differences were found in throughput, a Fitts’ law summary metric, which combines
speed and accuracy into a single measure. These results suggest that, although other
training approaches may offer more intuitive training prompts, Velocity Guided Training
more effectively informs the training of pattern recognition based myoelectric control.
Future work could include consideration of cognitive load and motivation on the part of

the user, to help form a more complete picture of training and usability.
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Chapter 1. Introduction

Prostheses have been used for centuries to help people restore function and cosmetic
appearance that they may have lost due to amputations or are missing due to congenital
absence [1]. When properly designed, configured and trained, a prosthetic device can

play an important role in a patient’s autonomy and self-image.

Although many different forms of prostheses exist, they can generally be categorized
into two different options for upper extremity amputees: body powered or externally
powered devices. Body-powered prostheses, which are mechanically controlled through
shoulder and arm movements, were first introduced in the 19" century. Although this
option is considered highly durable, body-powered devices may be obtrusive, often

require compensatory motions, and can be physically demanding for some users.

Over the last 50 years, externally powered prostheses have been developed to address
some of these problems. These devices use electrodes to detect muscle activity, which is
converted into a control signal for the prosthesis. The force and speed of movements of
the artificial limb are controlled by varying muscle contraction intensity and estimating
the amplitude of the electromyogram (EMG). Typically, EMG electrodes are placed over
a pair of agonist/antagonist muscles and the difference in EMG amplitude is used to
control a device along a degree of freedom (DOF), such as opening/closing a hand. When
a user wants to control more than one degree of freedom (DOF), they must co-contract
(contract both muscles simultaneously) in order to switch the mode of the device. This

method of control has been termed conventional or direct control.

While conventional myoelectric control has contributed to significant advances in the

field, the control is still limited, and co-contractions remain an unintuitive way to switch
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between functions [2]. This is a factor in the relatively low adoption rate of these types of
devices. One of the more widely researched alternatives to conventional control over the
last few decades (and only recently commercialized), is the use of pattern recognition
(PR) methods to interpret patterns of EMG signals. Instead of using EMG electrodes over
an agonist/antagonist muscle pair, PR typically uses many electrodes placed over the
residual limb providing more information about muscle synergies. PR can decode EMG
to recognize multiple classes of movement intent, and therefore control more than one
degree of freedom (DOF) at a time. If the residual muscles are those used to control the
missing functions (e.g. the forearm muscles control most hand and wrist functions),
control can be restored in a more physiologically appropriate and intuitive manner.
Although this is a compelling option, pattern recognition systems require training data for
all of the movements to be recognized. These training exemplars must be collected from

the user prior to use to provide a baseline for future activity.

In the literature, various methods have been proposed to collect EMG training data
for pattern recognition based myoelectric control: the two most noteworthy
categorizations are Screen Guided Training (SGT) and Prosthesis Guided Training (PGT)
[3] [4]. SGT, as the name suggests, are approaches wherein the individual is prompted
using imagery of the desired muscle contraction displayed on a computer screen. The
user is asked to contract the corresponding muscles for a specified amount of time, and
the EMG data collected over that period are used to train the pattern recognition
classifier. With PGT, the user is untethered from a computer and instead follows the
motion of their prosthetic device. The process is initiated by the press of a button on their

device, which prompts the training process to begin and to move through a sequence of



desired motions. As the prosthesis is moving, the user must follow along, performing the
corresponding contractions to the movement of the prosthetic device. Similarly, the data

collected during this process are used to train the pattern recognition system.

While both training methods fulfill the requirement of acquiring data to train a
classifier, performance is heavily dependent on the nature of the data collected. Both of
these methods capture only a limited subset of the full range of dynamics of functional
prosthetic control, and so the data collected during these types of training may not

necessarily be representative of the data observed during regular use.

The incorporation of dynamic training data within a single class has been shown to
improve the usability of prosthetic control [5], however proper labeling (associating an
instance of data with the corresponding intended motion) of this training data are
necessary to properly train the classifier. This requires segmenting the dynamic training
data into epochs which correspond to distinct motion classes. Although the inclusion of
dynamic data has been shown to improve usability, it is currently not known what

constitutes the optimum boundaries for separating the classes in the training data.

Current training methods are typically class-based, wherein users either maintain a
steady constant contraction or gradually increase contraction intensity from rest to the
desired class [5]. This latter approach has been shown to improve the robustness of
control but necessitates the (somewhat arbitrary) segmentation of the desired class from
the rest (no motion) class. The general approach to achieve this has been based on a
simple globally calculated amplitude threshold for rest, which doesn’t incorporate all of
the available information from the EMG data (by comparison, once trained, the classifiers

employ information from multiple descriptive features).

3



It is hypothesized that using strategically selected EMG features to determine the best
segmentation of the dynamic EMG to label the training data will improve the usability of

these devices.

1.1 Objective

The main objective of this research was to understand the impact of different training
modalities on the usability of pattern recognition based myoelectric control. By
incorporating dynamic motion into the training process, pattern recognition classifiers are
given supplemental information that may be more representative of the actual use case as
compared to existing training methods. In order to successfully integrate this added
dynamic data, however, a better understanding of the effect of different segmentation
methods on the classifier performance in both offline and real-time usability tests is

necessary.

1.2 Contributions

The findings from this work help provide a better understanding of which method of
training is the most appropriate training data for practical PR EMG control. The
investigation of the effects of the additional dynamic training data provides insight into
where the classifier may have been lacking information or misinformed during other
training methods. In addition to investigating the incorporation of additional data,
exploring the different segmentation locations provides significant insights into where the
optimal separation location occurs between a single DOF for maximum usability

performance.



The results obtained for the classification accuracy of each training method helped
determine the optimal location for class segmentation. The usability metrics used on the
different training and segmentation techniques yield insights about whether real-time
control is improved based on different combinations. It is anticipated that refinements to
training protocols, and thereby the performance and robustness of PR systems, may

improve the adoption and success rates of PR based myoelectric control.

1.3 Outline

This thesis is organized into six chapters. The first chapter briefly introduces the
training for pattern recognition based myoelectric control. Chapter 2 focuses on
background information, including descriptions of training techniques and segmentation
techniques. Chapter 3 describes preliminary investigations, performed to understand the
impact of different training modalities on the usability of PR based myoelectric control.
Chapter 4 describes the segmentation and training methods chosen based on the findings
of Chapter 3 for the main body of research. Chapter 5 describes the experiment and
results using the training and segmentation techniques selected in Chapter 4. Chapter 6

includes the discussion and conclusions of the body of work.



Chapter 2. Background and Related Work

For those with an upper limb amputation, a prosthetic arm can be used to encourage
body symmetry and restore some function of the missing limb. Externally powered
prosthetic devices typically use the myoelectric signal (or equivalently, the EMG) as a
control source [6]. Because of the stochastic nature of EMG, however, some means of

decoding movement intent is required to extract a control signal [6].

Conventional approaches to myoelectric control rely on varying the level of the
myoelectric signal to modulate the velocity of the terminal device. Two directions along a
degree of freedom (DOF) can be realized by using the difference in amplitude between
two electrodes placed over antagonist muscle sites (e.g. the flexor and extensor muscles
of the forearm) [7]. Although a prosthesis may be comprised of different components
(such as a terminal hand and wrist rotator), conventional control approaches are limited to
controlling one action at a time due to the lack of independent control sites. To control
more than one action/device, users must switch modes by either co-contracting, eliciting
a double impulse, or by using some external switch or sensor [8]. The integration of
microprocessors in myoelectric control [9] has allowed the development of more
sophisticated control schemes. Amongst these, pattern-recognition (PR) based
myoelectric control is the most thoroughly researched and has been purported to address

many limitations of the conventional control approaches [2].

2.1 Pattern Recognition based Myoelectric Control
Pattern recognition is used in a variety of fields, such as medical sciences, psychology

and e-commerce [10] [11], with the aim of finding and recognizing patterns in data using



labeled (supervised) or unlabeled (unsupervised) data and assigning them into different

classes.

Pattern recognition of biological signals can generally be described by the flowchart
shown in Figure 2.1. First, data are collected using a sensor and are then preprocessed
and windowed to obtain meaningful segments. Once the data has been collected, relevant
and important features are extracted from the raw signals within each window to
distinguish these records from one another. The data are then categorized into distinct
records based on the intended target during data collection. If the intended target is
unknown, an extra classification step is required to separate the data into different
records. Finally, a classifier is trained with these features and corresponding labels to
provide a baseline comparison for all future data that will be collected. Any new data will
be categorized into their respective record based on the features that were extracted. Once
the data is assigned a label, various forms of post-processing such as filtering may be
required before a final classification is made.

Input

Segmentation

Feature
Extraction

Classification

Post Processing

|
|
—

|

|

|

|
v

Decision

Figure 2.1 - Pattern Recognition Workflow



Pattern recognition based myoelectric control works in a similar way as described
above. To distinguish between muscle patterns and properly segment the raw EMG data
into different records, training data for all desired movements are collected using
electrodes placed on the user to provide a baseline for future activity. Because the target
motion is known during data collection, the baseline data can be separated into their
respective motions. With this segmented data, relevant features are extracted and used to
train a classifier for future use. After training, the classifier is often tested to determine

how well it correctly identified the correct movements.

Typically, for PR based myoelectric control, multiple EMG electrodes are used. This
helps provide the classifier with more spatial information so that it can be used to control
more than one degree of freedom (DOF). Importantly, PR facilitates the use of
physiologically appropriate contractions, wherein the user activates the muscles of their
residual limb in a way that is consistent with the desired motion of the terminal device.
This has the potential to reduce cognitive burden and increase embodiment; by having a
device that moves in the same way the muscles are contracted, this offers amputees a

more natural, intuitive way of controlling their prosthesis.

These recent advancements in pattern recognition based myoelectric control have
resulted in devices that are capable of a greater number of functions than conventional
control methods. While this approach to prosthetic control has demonstrated the ability to
discriminate between many degrees of freedom and provide more natural muscle

contractions to activate motions, it has yet to receive widespread clinical acceptance[12].

A study by Glynn et al. [13] noted that 91% of myoelectric prosthesis rejections

resulted from prosthetic related problems involving comfort, lack of function and
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durability. As noted by Bongers et al. [14], to address the lack of functionality, these
devices require more robust myoelectric control, putting a high demand on the training of

the users.

While the objective of this work is the improvement of training for pattern recognition
based myoelectric controlled prosthetic devices, it is important to first understand the

various components that make up such a system.

2.2 Classifier Training Protocols

In order for a pattern recognition based myoelectric control system to estimate which
movement a user is trying to elicit, it must first be trained using data acquired from that
specific user. This is due to the wide variation between individuals in musculature, tone,
electrode location, and the naturally stochastic nature of EMG. The quality of the EMG
data acquired during training is, therefore, crucial to the performance and robustness of
the control. While quality can refer to signal characteristics (such as signal to noise ratio),
here it is used to denote the ability of the training data to inform the classifier of the true
class boundaries and the variability that will be encountered during practical use of the
device. Toward this goal, we now present and compare the two most commonly used

training methods to investigate their effect on the usability of prosthetic devices.
2.2.1 Screen Guided Training

The most common way that data for PR based myoelectric control is collected in a
research setting is using some form of graphical computer interface. In this method,
referred to here as Screen Guided Training, users are prompted with specific classes of

muscle contractions for a desired amount of time. Figure 2.2 demonstrates a screen in the



ACE software package developed at the Institute of Biomedical Engineer [15] that could
be used during SGT where typically several different motions are collected to train a

classifier.

Wrist Pronation

=

Figure 2.2 - Screen Guided Training Example

One of the major drawbacks of this training method is the need for an external device
such as a computer. If a patient’s prosthesis becomes uncalibrated, which is common due
to sweating or fatigue, the individual may not be able to recalibrate their device if they

are not by a computer.

2.2.2 Prosthesis Guided Training

Prosthesis Guided Training prompts the individual by using the prosthetic device
itself. The device moves through a series of motions and the users must contract the

corresponding muscles to perform that movement. In order to segment the transient data
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into different classes, an amplitude threshold is first used to find the active motions (any
motion other than no motion). A concern is that this type of training requires the user to
follow the velocity of the device, in the same way that they would control it. While
velocity control is important for use with multiple sequential degrees of freedom, this has
been observed to be somewhat unintuitive as a prompt. A partnership between the
Institute of Biomedical Engineering at UNB and Coapt (LLC), a company that offers a
commercial PR controller that employs PGT, has been established to determine the needs
of their product. Powell et al. [16] have shown the importance of being able to train a
device from home, and while PGT fits this criterion, the developers at Coapt are
concerned that it currently has no error handling or intelligence built in, nor any feedback
system. The system and the users have no ability to know if they have correctly followed,

and thereby, properly trained their device.

These current training methods collect either static data or transitions between an
inactive motion and an active motion [17] [3]. Static methods of training wherein a
contraction is held constant for the duration of the prompt, are relatively easy to classify.
With the incorporation of dynamic motions, the boundaries for transitions between
inactive motions and active motions become somewhat arbitrary. A common method to
locate the location for segmentation for this type of training is by incorporating a
threshold for activation - if this threshold is reached, data is classified as an active

motion, and all other data are considered to correspond to an inactive motion.

So far, training methods that transition between two active motions within a degree of
freedom (DOF) have not been explored. The incorporation of the supplemental

information created during transitions may be more representative of the actual use case
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and improve robustness compared to existing training methods. To successfully use a
DOF based training method, the proper location for segmentation will need to be found.
The use of a threshold for activation would not be able to extend to this type of training
as the user may be changing from one class to another in a continuous sense, therefore
other types of segmentation will be explored to identify the most suitable locations for

segmenting DOF training data.

2.3 Segmentation and Clustering

In many applications, such as EMG PR, data must be split up into segments with
common statistical properties in order to classify unlabeled data; this action is called un-
or semi-supervised data segmentation. Many different data segmentation techniques have
been used in a variety of different fields [18] [19] [20] [21] to characterize patterns in
signals. A variety of methods will be investigated in Chapter 3 to assess their efficacy in
segmenting EMG signals for PR based control. A natural source of inspiration are the
methods for segmentation that have been proposed for other biological signals such as the

electrocardiogram [22] [23] and electroencephalogram [24] [25].

While static contractions during Screen Guided Training have an associated target to
each record of training data, the introduction of ramp contractions (starting from rest and
increasing intensity towards the desired state) [5], necessitates the inclusion of additional
segmentation logic. Extending from single-class ramp contractions to the degree of
freedom-based training, which includes dynamic transitions between two classes, further
complicates this process. To effectively use dynamic training data, segmentation must be
performed in order to separate the classes within a degree of freedom. Data segmentation
of time series data leverages statistical properties in the data but does not accommodate

12



for user errors (e.g. additional transitions if they were to occur). Therefore, it is also
important to consider clustering techniques, which group data into a number of groups
where each new data point is assigned to a group that is most similar. As with
segmentation, data clustering is broadly used in many applications, but those of interest

for this study are those that cluster EMG signals.

2.3.1 Supervised Classification

When using a supervised method of classification for pattern recognition, the target
for the training data are already known. This typically applies to applications where some
prior knowledge of the system exists, or where some expert can provide a label to a
training set. Static SGT is a supervised method of classification since the target and
timing of each motion provided to the user is known as the EMG data are captured.
Because the aim of this study was to incorporate additional dynamic training data, the
knowledge and timing of changes in contractions are far less deterministic. Although a
cursor may be used to prompt the user to change motions, there may be inconsistencies in
the delay between the prompting and the human response. This uncertainty in the actual
data boundaries, therefore, motivates the exploration of data-driven, unsupervised

methods.
2.3.2  Unsupervised Classification

Unsupervised methods of classification have unknown targets, which requires data to
be clustered into different groups that are statistically separable before being trained.
Unsupervised learning is often used as a synonym for clustering [26], which is modeled
using statistical similarities. An example of an unsupervised learning application is online
advertising. Groups of similar customers are formed by identifying the content of

13



previous web browsing and purchase histories, and then targeted advertisements are

displayed depending on which group the customer is assigned [27].

For unsupervised segmentation of times series data with slow changing classes, data
clustering based on different measures of temporal similarity or distance can be
performed. A common clustering technique for PR is k-means clustering [28]. K-means
is a simple unsupervised algorithm that classifies data into a predetermined number of
clusters, k, by minimizing a distance function. Points are assigned to a cluster based on

their proximity to the nearest class center.

One variation of k-means is the fuzzy c-means clustering algorithm [29] which
assigns data points to clusters with a “membership” score. This is useful for overlapping
data; a perfectly distinct cluster point yields a membership of 1, although data points can
be assigned to more than one cluster with smaller membership scores. Kernel k-means,
another variation [30], projects the data into a higher dimensionality space before
calculating boundaries. This technique is advantageous over the standard k-means, which

is limited to locally linear hyper-plane boundaries.

Aligned Cluster Analysis (ACA), an extension of kernel k-means [31], is intended for
unsupervised clustering of temporal patterns. The difference between ACA and kernel k-
means is that the feature vector contains a variable number of features for each cluster
(not a set vector), and a dynamic time warping kernel is used to achieve temporal
invariance. Hierarchical Aligned Cluster Analysis (HACA) [32] divides data into clusters
over different levels of hierarchy. As an example, in gait segmentation, the first level
would be running/walking. The second level takes the first level and divides it into a

smaller temporal scale; heel lift, etc.). Another popular unsupervised learning approach is
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Hidden Markov Model (HMM) based sequence clustering [33], which builds features
such that each sequence of states is represented by a vector of its similarities to a

predefined set of reference sequences.

Other adaptive segmentation methods such as modified Varri [34], the generalized
likelihood ratio [35], and short-time Fourier transform [36] have also been studied in
other fields, but these have been shown to have low efficiencies and/or computational

high burden [37] [38] [39] [40] [41].

2.3.3 Manual Segmentation

While unsupervised clustering is an automated way of labeling unknown data, its
performance in dynamically varying time series electrophysiological data such as EMG is
still relatively unknown. To be able to parse this dynamic data to evaluate the
effectiveness of various training approaches, manual segmentation techniques must also
be considered. Amplitude-based segmentation may be used to separate data based on a
pre-defined baseline amplitude threshold. As in automated methods, once the amplitude
of the signal surpasses this threshold, the data are segmented into this respective class
(for example, from no motion below the threshold to an active motion above the
threshold). In human manual labeling (or visual inspection), the time series and
contextual information may be incorporated to inform the selection of local thresholds.
Manual segmentation may also be performed in higher dimensional feature space using
dimensionality reduction techniques to enable visual inspection of thresholds. While

manual/visual segmentation will be used in aspects of this work to establish a baseline for
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other segmentation approaches, it is important to note that it is both time-consuming to

perform and unfeasible for practical use.

2.3.4 Distance and Similarity Measures

For many different segmentation and clustering techniques, similarity or distance
measures are needed to determine how similar or different two data points, or groupings
of points, are from each other. For unsupervised clustering techniques, since the true
target is unknown, the distances separating different data may be used as a guideline.
While there are many distance measures, a selection of the most commonly used in the

field are identified below.

The Euclidean distance metric [10] measures the multi-dimensional straight-line distance

between two points and can be described below in Equation 1.

1)

The Euclidean squared metric is the same as the Euclidean distance metric but does not

use the square root, which allows for faster clustering than regular Euclidean distance.

Other metrics used for clustering include the correlation metric, which measures the
statistical dependence between two different points [10]. This metric is derived from
distance variance, distance standard deviation and distance covariance and measures how
correlated the two variables are on a scale from -1 to 1. The Bhattacharyya distance

measures the similarity of two probability distributions and is used to measure the
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separability of classes [10]. The Mahalanobis distance [42] is a specific case of the

Bhattacharyya distance when the standard deviation of the two classes are the same.

While distance measures can be used for clustering purposes, other similarity
measures can also be used to distinguish between patterns in signals. A matched filter can
be used by defining a template and then finding the maximume-likelihood of identifying
the common elements of this template in the unknown signal [10]. Principal components
analysis [43] is a statistical procedure which is used to identify the maximum amount of
variance and constructs new characteristics to summarize data; with a reduction in
dimensionality, features from the signals are much easier to work with without losing

information from the original signal.

2.4 Feature Extraction

Because EMG is a noisy and stochastic signal, patterns in limb movements are most
often described by a set of features that represent useful information while discarding
irrelevant noise in the signal. The choice of which features to be used has a significant
impact on the performance of the classifier as they are being used to discriminate
between different classes [44]. In the literature, time domain (TD) features [45] are the
most widely used features for EMG since they do not require any form of transformation,
and thus require less computational load. In particular, Hudgins’ TD feature set: mean
absolute value, wavelength, zero crossings, and slope sign change has been the most
heavily utilized over the last 15 years [46]. The addition of Wilson amplitude has been

shown to further reduce the average classification error [48].

In a study conducted by Phinyomark et al. [49], 50 different features (including time

domain, frequency domain, and time-frequency domain) were compared. TD features
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achieved the highest accuracy with a Linear Discriminant Analysis (LDA) classifier,
described in the subsequent section, and also showed a better performance than time-
frequency domain features in the classification of both transient and steady-state EMG

signals using LDA.

Due to the stochastic nature of myoelectric signal values, windowing of the raw EMG
data is required before extracting features. Englehart and Hudgins [50] discovered that
overlapping analysis windows in the continuous stream of data improve the decision

density while averaging these decisions improves classification accuracy.
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Figure 2.3 — Windowing of Raw Data using Overlapping Windows

As shown in Figure 2.3, the length of the window, T, is used to determine the amount of
data to be used for feature extraction to produce one class decision, while the frame
increment, Ti,c, increments the N-sample window by a specified frame length. A study by
Hargrove et al. [51] investigated the effects of different window lengths on pattern
recognition based myoelectric control and found that there is a tradeoff between

classification accuracy and controller delay: a too short window increases classification
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error, however, a too long window produces excessive and noticeable delays. In their
work, they found the optimal window length for best performance ranges from 150-
250ms as the window length. For each window, the features are then extracted from the

training set and provided to a classifier to be used for training.

2.5 Classification

A classifier is used to predict the class membership of input data based on its features.
For myoelectric control, it is important for the classifier to make the correct decision for
the prosthetic device to make the proper movement. A misinformed or improperly trained
classifier that inadvertently opens a prosthetic hand, for example, could be dangerous if a

user was holding a hot cup of coffee.

Studies have found there to be little appreciable difference in the classification error
of different classifiers such as Artificial Neural Networks (ANN), Hidden Markov
models (HMM), Linear Discriminant Analysis (LDA) and Support Vector Machines
(SVM) [52] [53]. The LDA is a Bayesian classifier that is simplified by assuming that the
data are Gaussian and that all classes share a common covariance. The result is a set of
classes boundaries that are linear that yield a maximum likelihood for the selected class.
Even if these conditions are not strictly met, the LDA is often almost as accurate in
myoelectric control as more complex classifiers [48] [54]. Moreover, because of its good
balance between efficiency and speed, LDA is the classifier most commonly used in the

field and will be adopted in this work.

Once a classifier is trained, its performance can be evaluated by measuring the

Classification Accuracy (CA):

19



CA = Correct classified samples

1009 2
Total number of samples * % ()

2.6 Usability Assessment

While offline accuracy has generally been used to describe the metrics for how well
the training data has been classified, it has been shown that this is a poor predictor for
actual usability [55] [56] and is not a true measure of real-time function. To this end,
researchers have investigated other ways of testing the usability of EMG control

strategies to examine the clinical robustness and accuracy of pattern recognition control.

There are many functional tests available to assess the usability of myoelectric
prostheses [57] [58] [59], but most of these require a physical prosthesis. Virtual,
computer-based, environments have consequently been developed and used to efficiently
test control schemes using able-bodied and amputee subjects [2] [17] [60]. These virtual
environments are used to create a user-friendly and monitored environment where real-
time motion testing for control performance can be assessed. They can consist of steering
a computer avatar in multiple directions [2], controlling a cursor to hit targets on a

computer screen [2], or moving a virtual arm into a target posture [61].

Many different virtual test protocols have been employed to assess the performance
of real-time myoelectric control. Kuiken et al. developed the Motion Test [17] and
evaluated functional performance by prompting subjects to move a virtual prosthesis
through a range of motions for one DOF at a constant speed. A more challenging Target

Achievement Control (TAC) test was developed by Simon et al. [61] which incorporated
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proportional control of the speed of the virtual limb movement based on the intensity of
the muscle contraction. This environment involves positioning of a virtual limb in an
initial target position and back to a neutral position and can test different difficulties by
modifying the number of DOFs required to position the virtual limb as well as the
allowable error in position. While this test provides informative performance metrics, it is
limited by difficulties in understanding the visual cues required to identify the correct
movement to elicit. The TAC test is a close analog to Fitts’ Law, which has recently been

validated to be suitable in evaluating EMG control [62].

2.6.1 Fitts’ Law

Established in 1954, Fitts’ law describes a tradeoff between speed and accuracy in
ballistic target acquisition tasks by relating the time taken for controlled movements to
the difficulty of the intended target. According to Fitts’ Law, the time to move to a target

with index of difficulty ID can be described as:
MT =a+ b *ID (3)

ID is calculated as:
2D
ID =1 — 4
ng(W) (4)

where “MT” is the movement time (seconds), ID is the difficulty of the target, “a” and
“b” are device dependent constants, “D” is the distance to the center of the target and W
is the width of the target. In 2008, the validity of using EMG as a control source was
proven by Park et al, and Fitts’ law style testing for the evaluation of myoelectric control

strategies has since been used extensively [2] [62].
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2.6.2 Other Usability Metrics

Quantifying the ability to predict the correct action is necessary to determine how
well a classifier has performed. As discussed, however, the offline classification accuracy
may not be the best metric to predict usability, as it provides only partial information
about the control scheme. Several other metrics are generally used to evaluate the
performance of pattern recognition based myoelectric control during virtual tests. The
throughput describes the control bandwidth in bits/second (information transfer rate) by
comparing the movement time and the difficulty of the task, according to Fitts’ law. In
addition to the throughput, Williams and Kirsch [64] also identified several other metrics
that provide more comprehensive information about control performance; these include

the path efficiency, completion time, completion rate and overshoot.

The path efficiency is the ratio of the shortest possible distance possible to the
distance traveled by the user. The completion time is the amount of time it took for the
cursor to reach the target, while the completion rate is the ratio of completed targets over
the total number of targets. The overshoot defines the average number of times the cursor
exited a target after being acquired. Although these real-time tests provide more
information about the usability of the system, they cannot be used in an offline sense to
directly compare different algorithms (because the control was influenced by the
feedback to the user in the closed-loop system). Furthermore, real-time tests, such as
Fitts’ law, give the user flexibility in how they approach the target, making it difficult to

understand the ‘true’ class for any given decision. Because offline and real-time
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performance metrics contain different information, it is therefore important to use both

measures when evaluating the performance of a system.

23



Chapter 3. Training Modalities

The main objective of this research was to understand the impact of different training
modalities on the usability of pattern recognition based myoelectric control. It was
theorized that, by incorporating dynamic motion into the training process, pattern
recognition classifiers would be given supplemental information that may be more
representative of the actual use case, resulting in improved performance or robustness.
The training methods developed through this work were developed using offline analysis
methods and ultimately compared in a usability test to determine whether the addition of

dynamic data during training improved the real-time performance.

It has been shown that capturing transition data by way of varying contraction
intensity (such as through “ramped” contractions) can be beneficial to the performance of
pattern recognition-based myoelectric control [2]. Without this induced variability, as
seen in Figure 3.1 (showing the first two dimensions in ULDA projected feature space),
constant-force contractions result in highly separable and repeatable classes of motion.
Although this may perform well during constant-force contractions, resulting in high
offline accuracies, this leaves the classifier unaware of the variability that occurs during

transitions from one class to another, as required in real-time myoelectric control.
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Projection of Features (Screen Guided Training)
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Figure 3.1 - Example of highly separable classes collected using ‘offline’ static contractions Data are presented

as the first two dimensions of a ULDA dimensionality reduction projection.
By comparison, Figure 3.2 shows the same three classes of motion when trained using
ramped contractions. The features are less repeatable than with static training, but the
classifier is now informed by features generated as the user transitioned from rest to the
motion. By including this additional information, a more informed decision can be made

by the classifier, ultimately improving the robustness of the controller.
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Projection of Features (Velocity based training)
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Figure 3.2 - Example of classes collected using ‘offline’ ramped contractions. Data are presented as the first two

dimensions of a ULDA dimensionality reduction projection.

Even with the ramp training method, however, the system is not capturing the full
transition between active degrees of freedom, or the return to rest afterward. This has
been observed, anecdotally, to lead to inadvertent activations during transitions, and
overshoot of virtual targets during screen-based usability testing. The motivation of this
work was to better inform the training of classifier boundaries by including these
additional transition data that may be more representative of those elicited during

functional use and to investigate whether doing so improves the usability of the classifier.

Another important consideration in the collection of training data is the burden on the
user and the intuitiveness of the prompting method. User errors, which can occur when a
user strays from the prompted motion or timing, can be catastrophic, as they result in
mislabeled data being used to inform the learning algorithms. Similarly, errors in the

segmentation and labeling of continuous training data, as will be investigated in the
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coming sections, have a comparable impact. Consequently, it is of interest to quantify the

impact that such errors may have on classifier performance.

3.1 Study 1: Simulated Mistakes

Investigating the effects of user error through simulation gives insight into how much
mislabeling of training data will impact accuracy. To better understand the effects of
improperly labeled data on classifier performance, two different common user errors
were simulated using data collected from 15 subjects for five different motions: no
motion (NM), wrist pronation (WP), wrist supination (WS), hand open (HO) and hand

close (HC).
3.1.1 Experimental Methods

Eight surface UNB Smart bipolar electrodes mounted in a flexible cuff, shown in
Figure 3.4 (left), were positioned around the dominant forearm of 13 able-bodied
participants (9 male and 4 female, mean age 25 +/- 2.2 years). Subjects were prompted to
elicit contractions corresponding to 5 different hand/wrist motions, shown in Figure 3.4
(right) using a custom-designed computer interface (an example of Screen Guided

Training). Each contraction repetition was held for 4 seconds and repeated 8 times.
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Hand Open Power Grip No Motion

Figure 3.3 - UNB’s EMG cuff (left), and classes prompted during Experiments 1 and 2 (right)

All subjects gave informed written consent, and the experiments were performed at the
Institute of Biomedical Engineering at the University of New Brunswick. This
experiment was approved by the University of New Brunswick’s Research Ethics Board
(REB 2015-134) in accordance with the Canadian Tri-Council Policy Statement

regarding ethical conduct for research involving humans.
Data Analysis

Offline analyses were performed using MATLAB 2009a through a graphical interface
developed at UNB [11]. Data were segmented into 160ms windows with a 16ms frame
increment. Five EMG time-domain features (mean absolute value, number of zero
crossings, waveform length, number of slope sign changes and Willison amplitude) were
extracted from each data window from each channel of EMG and were used to train and
test an LDA classifier.
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3.1.2 User Delay

The first scenario that was investigated was one that simulated the effect of delayed
reaction time. The training set features remained the same but were artificially delayed
with respect to the targets. An LDA classifier was trained with labels corresponding with
these targets and tested with the original unshifted test data set. Figure 3.5 illustrates the
original test data with the corresponding targets. Figures 3.6 and 3.7 depict the training

set shifted by 50% of a motion (corresponding to 2 seconds) and 100% of a motion (4

seconds) respectively.

Unshifted training data with corresponding targets
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Figure 3.4 - Example of the alignment between the unshifted training targets and user response
(Target with value 1: NM; 2: WP; 3: WS; 4: HC; 5: HO)
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Shifted data by 50% of a motion with corresponding targets
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Figure 3.5 - Example of the alignment between the artificially delayed training targets (50%) and user response
(Target with value 1: NM; 2: WP; 3: WS; 4: HC; 5: HO)

Shifted data by 100% of a motion with corresponding targets
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Figure 3.6 - Example of the alignment between the artificially delayed training targets (100%) and user response
(Target with value 1: NM; 2: WP; 3: WS; 4: HC; 5: HO)

As shown in Figure 3.7, in the extreme case when shifted by 100%, the active classes are
labeled as no motion, and no motion data is labeled as an active motion. This was
repeated, training a classifier for each possible shift in the training data (from 0 to 100%),

and then tested on a novel test data set. As can be seen in Figure 3.8, the accuracy drops
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below chance after a shift of 70%, because the labels are now systematically incorrect,

not just random.

LDA Accuracy vs. Percentage of Motion Shift
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Figure 3.7 - LDA Accuracy as % Shifts (Mean Across Subjects Indicated in Bold)
The results of artificially delaying training data demonstrate the importance of properly
aligning training data. As shown above, the correct labeling of targets has a high impact

on classification accuracy because of the data-driven approach.

3.1.3 Activation Errors

Another common mistake is when a user accidentally elicits the wrong motion during
training. This sometimes occurs when a user tries to anticipate the next motion or their
attention wanes. To simulate this error, training set features were replaced with features
from a different motion (while keeping the original targets). Figure 3.8 shows data and
targets corresponding to three classes: no motion, wrist pronation, and wrist supination.
In this offline simulation, one repetition of wrist pronation was completely replaced with
features from an extra wrist supination repetition, as shown in Figure 3.9. This would be

similar to someone not paying attention to the prompt and eliciting the wrong motion.
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Figure 3.9 - Unaltered (Correct) Training Repetition
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When observing the unaffected data (projected down into a two-dimensional feature
space for clarity), a clear separation between the three classes can be seen (Figure 3.10).
However, once the data have been replaced, the features (as seen in Figure 3.11) are not
as separable as they were, and the boundary lines are changed. This change has a
significant effect on data classification as demonstrated in Figure 3.12, as different

amounts of the motion are swapped out.
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Figure 3.10 - Features and Computed Boundaries for Correct Repetitions
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Accuracy of LDA as extra WS rep replaces first rep of WP
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Figure 3.12—- Change in LDA Accuracy with Increasing Contraction Type Error (Mean Across Subjects

Indicated in Bold)
It is shown that, as the percentage of replacement of a motion increases, the LDA
accuracy decreases. Similar results were obtained when observing the hand open/hand
close DOF, and performance would degrade even further if more that one rep was

replaced.

The results from these erroneous data demonstrate the importance of an intuitive
method for training. By having an intuitive training method, the user will be less likely to
make common mistakes during training, and the chance of eliciting the improper class
would be reduced. This example also demonstrated the weakness in amplitude-based
approaches to segmentation; if the wrong motion is elicited, the amplitude remains above

the threshold for inactivity and these data will be incorrectly used during training.

3.2 Study 2: Segmentation
As previously investigated, activation errors and user delays have a significant impact

on classification accuracy when segmenting based on known targets. To overcome these
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impacts, it is proposed to use segmentation or clustering techniques based on statistical
properties to account for potential user errors that often occur during training.
Furthermore, the incorporation of dynamic data during training, which may improve the
robustness of the control scheme, also requires segmentation or clustering techniques as
the targets for the transition motions are unknown. Multiple segmentation and clustering
techniques will, therefore, be compared to determine which approach yields the highest

classification accuracy for different methods of training.

In the second study, offline data were collected and were used to evaluate the effect
of different segmentation locations on a classifier for four different training methods with

the purpose of determining the optimal segmentation locations for classification.

In the remainder of this chapter, a number of segmentation approaches are compared
with their relative performance assessed using offline data. This was necessary as a real-
time usability study would require repetition of the experiment for each segmentation
approach, for many subjects. The offline results were used to inform the ‘“best

candidates” for the real-time study described in Chapter 4.

3.2.1 Experimental Methods

The same flexible cuff used from the first study (Simulated Mistakes) was fit on
fourteen different able-bodied subjects (9 male and 5 female, mean age 25 +/- 2.1 years,

13 right-handed), to collect EMG data for the same 5 classes of interest.

Four different training sets and one test set corresponding to the SGT and PGT
paradigms, as described in further detail below, were acquired from each subject. Each of

the methods was used to record multiple repetitions from each of the five classes (wrist
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pronation, wrist supination, hand open, hand closed and no motion). For all trials,
subjects were seated comfortably in a chair with their elbow rested on an armrest. Before
data collection began, subjects were given instruction on how to perform each of the five

contractions for best separability for each of the following training methods.
Screen Guided Training

The screen guided training method prompted users with an image of the desired
muscle contraction for four seconds, as seen in Figure 3.13. During this training session,
participants were instructed to slowly activate the desired contraction while the system
was recording. This process was repeated for each of the five classes, and a total of six

repetitions of data was collected for each of the users.

Wrist Pronation

|

Figure 3.13 - SGT Sample Interface
This process was then repeated with constant static contractions during the recording
of another six repetitions. This test set was collected for use in the calculation of the
classification accuracy for all training sets. Since static contractions are in theory
perfectly segmented into their desired motions, these data were used to test and compare
the proposed segmentation locations.
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Prosthesis Guided Training

To emulate the velocity-based training (VBT) employed by PGT, a cursor was shown
on a computer screen (represented by a horizontal bar, seen in Figure 3.14) for the
participants to follow. The users were asked to follow the velocity of the cursor as it
moved left and right according to a sinusoidal target. An important consideration is that
whenever the bar stopped, the user had to stop contracting, regardless of where the
position stopped. This was found by many subjects be counterintuitive, especially when

the cursor slowed down at the limits of its excursion.
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Figure 3.14 - Example of the PGT emulation interface

Novel Method: Position-Based Training

A novel training approach (position-based training; PBT) was employed using the
same graphical interface as the previous training method. The only distinction was that
users were asked to follow the position of the cursor. Although this differs from the
eventual usage scenario (myoelectric control employs velocity-based control), it was
theorized that the users would be more able to intuitively mimic the position of the cursor
with their limb, possibly reducing user error. By having the users follow the position of
the bar, they could also be prompted to elicit the full range of transition data, as opposed

to going solely between active classes and no motion.
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Novel Method: Position-Reset Training

The final training method was a position-based training method with a return to zero.
In this training, Position-Reset Training (PRT), the same cursor as the two previous
methods appeared on the screen, and the users were asked to follow its position. In this
case, after the cursor reached the extremities, it immediately returned to the center, which
prompted the participants to rest their muscles. This training set was designed to
effectively capture the same data as with Prosthesis Guided Training, however,
participants were able to think about following the position of the cursor as opposed to its

velocity.

3.3 Segmentation

Because each of the training approaches included continuous transitions, the training
data required segmentation prior to being used to train a classifier. A number of
segmentation approaches were compared and evaluated using offline classification
accuracy. The results from these segmentation techniques were used in a future

experiment to further evaluate the training methods through a usability test.

3.3.1 Amplitude Segmentation at the Valleys

The average Mean Absolute Value (MAV), the mean of the mean absolute values of
windows of all eight EMG channels, monotonically increases and decreases with
contraction intensity [65], with slow transitions between active contractions typically
exhibiting a brief transition through the no motion class. Correspondingly, this method

of amplitude segmentation assumes that transitions between classes occur at the valleys
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(the lowest amplitude between the peaks of the active motions). Figure 3.15 shows an
example of unsegmented average MAV, while Figure 3.16 demonstrates how these data
were segmented through a visual segmentation process completed by a human observer.
Note that any sections of the data that fell below a simple amplitude-based activation
threshold derived from the no motion class (by calculating the mean and adding two
standard deviations of the first 1.9 seconds of motion data collected) were also labeled as

no motion.
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Figure 3.15- Unsegmented Average MAV of 8 channels
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Segmented Amplitude of Data Across 8 Channels of EMG
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Figure 3.16 - Raw MAYV Data, Segmented into 3 motions

While inspection of the data suggests that segmenting this way may prove insightful
for research purposes, it is a tedious and unrealistic process to manually select the
appropriate valleys in every repetition of every trial, for every user. Consequently,
several amplitude-based thresholding techniques were explored in the hopes of
implementing an automatic segmentation algorithm. Inconsistencies in amplitude,
especially for wrist pronation and wrist supination, however, proved to be challenging. It
was also observed that if an automated algorithm mislabeled one transition, the remainder

of the data would subsequently be incorrectly classified.
3.3.2 Feature Space Segmentation

The amplitude information contained in the above figures represents only a portion of
the available feature information. For example, one complete cycle of a DOF segmented

manually based on amplitude can be seen in Figure 3.17.
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MAV of features for WP/WS
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Figure 3.17 — Manual Segmentation based on Amplitude using MAV
When projecting this set of data into 2-dimensional feature space (using ULDA), the
segmentation border between the active motions and no motion become much clearer
(Figure 3.18). By manually segmenting this data now in the feature space, and then
observing it in the time domain (as in Figure 3.19), slight differences in the labeling can

be seen.
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Figure 3.18- MAV of Features Projected in Feature Domain
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Segmentation through feature space
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Figure 3.19- Feature Domain Segmentation Observed in Time Domain
Differences observed between the time-domain amplitude segmentation and feature
domain segmentation, as highlighted in Figure 3.20, show that more of the low amplitude
and transition data gets classified as no motion during the feature space segmentation.
This difference motivates the need to find a more sophisticated segmentation method than

amplitude for transient motions.
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Figure 3.20 - Differences between Time Domain and Feature Domain Segmentation

3.3.3 Segmentation using Local Maximum Bhattacharyya Distance

The Bhattacharyya distance is a measure of similarity between two discrete or
continuous probability distributions that takes the covariance of the data into account. By
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applying a sliding window of approximately the length of one full cycle, the
Bhattacharyya distance was calculated between the data in the first and second halves of
the window. This Bhattacharyya distance computation window was slid along the full
data set, and points of maximum Bhattacharyya distance between active motions were
chosen as segmentation locations. Figure 3.21 below shows one cycle of a DOF (top),
along with the Bhattacharyya distance calculated along this cycle (second from top). The
third subplot shows the features segmented based on the valley of the MAV of data
(chosen manually) and the last shows the features segmented based on the maximum

Bhattacharyya distance chosen from the second subplot.
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MAV of data with NM removed
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Figure 3.21 - Bhattacharyya Distance for one cycle of a DOF

As seen in the figures above, the Bhattacharyya distance is maximum directly after a

contraction and results in a slightly better separation of features when projected down

into feature space compared to segmenting at the valleys.

Although for the example provided, improvements can be seen in the feature

and trials.

separation compared to segmenting in the valleys, this did not extend across all subjects

As before, a single mislabeled point in a time series would result in the

remainder of the data being incorrectly classified. To better leverage the temporal aspects
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of the oscillations during training, a minimum distance between successive
Bhattacharyya Distance maximums could be implemented. This would, however,
constrain the approach to the specific timing of the experiment used here and may not

translate to a real environment where conditions may change.

As this investigation was focussed on the impact of the training approach, and not
necessarily the segmentation technique, any mislabeling of data during segmentation was
unwanted. Consequently, this promising, but imperfect, technique was used in
combination with human observer segmentation. For each manual location selected, the
Bhattacharyya distance was used to refine the locations that yield the highest separation

of features.

It should be noted that although this semi automated method was found to yield
higher classification accuracies for most data sets, it could not identify incorrect
movements that may have been elicited during training. Even if a participant was to elicit
the incorrect motion for a short period of time during a cycle, the Bhattacharyya distance
would be maximized during this incorrect motion and the segmentation location for the
given cycle would be mislabeled. Although this would not affect the entire set of data
with an incorrect segmentation location, it is also not an ideal training method for

unsupervised use.

3.3.4 Segmentation using K-means Clustering

K-means clustering works by partitioning data into k clusters; k=3 in this case, as
each DOF has two different classes, plus the no motion class. The algorithm initially
chooses three random observations of features from the data set and uses these as the

initial means for each cluster. Each observation is then partitioned into one of these
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clusters based on the least within-cluster sum of squares (squared Euclidean distance).
The new cluster means are then calculated, and this process is repeated until all of the
data has been partitioned. Since the initial clusters are chosen randomly, the algorithm is
replicated ten times in order to ensure that the clustering results are accurate and not
limited by local minima. An example of the MAV of all features after k-means clustering

can be seen below in Figure 3.22.
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Figure 3.22- Data Properly Segmented into 3 Motions using k-means

While these results look promising, this method was not always consistent either. In
some instances, k-means partitioned the data based on amplitude alone, as shown in
Figure 3.23. The corresponding data projected into a two-dimensional feature space, in
Figure 3.24, indicates there was a high separability of these features, but the classified

motions were incorrect.
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Figure 3.23 - Data Improperly Segmented into 3 Motions using k-means
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Figure 3.24 - Projection of Features of Improperly Segmented k-means Data
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In the rare instance that this amplitude-focussed k-means segmentation occurred,
there was nothing automatic that could be done to change the outcome. In these cases,
the 10 iterations of k-means (or more) converged to the same result, as did normalizing

the data per feature or assigning purposely selected start locations.

3.3.5 Segmentation using Principal Components Analysis (PCA)

Principal Components Analysis can be used for dimensionality reduction by
projecting data onto dimensions that explain as much variation as possible. Because three
different motions were to be segmented, it was hypothesized that the top three principal
components may capture the inter-class variations. An example of the PCA results in
Figure 3.25 shows the amplitude of the top three PCA components across the 8 EMG
channels in different colours of a full repetition. Classes were segmented by analyzing the
maximum of the top three components for each frame along the repetition and classifying

the data accordingly.
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Figure 3.25 - Amplitude of the top 3 PCA components over a full repetition
Again, for this particular example, selecting the points of transition between the
maximum PCA component resulted in good separation. However, this did not always

extend across all data sets. Similar to k-means, if the PCA components failed (as seen in
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Figure 3.26), it was seldom possible to mitigate or easily fix the proper segmentation

locations.
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Figure 3.26 - Improper PCA Segmentation

3.3.6 Other Segmentation and Clustering Techniques/Combinations

Many different combinations and techniques were tested in order to improve the
robustness of the previous automatic segmentation techniques. The local Mahalanobis
distance, k-means clustering using PCA, k-means clustering using PCA and
Bhattacharyya, Euclidean angles and distances, and seeding the PCA with different
numbers of components were all explored, but all yielded inconsistent results. When one
of these methods would fail to provide the correct segmentation, the entirety of the data

was misclassified, resulting in very low accuracies, as opposed to only a few frames
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being misclassified and the classifier being able to adjust. A major limitation of these

approaches was their inability to leverage the temporal evolution of the signal.
3.3.7 Segmentation using Matched Filtering

Because the data for each dynamic training method are cyclic in nature, a method was
sought that exploited this temporal structure. A matched filter (see Appendix A) involves
correlating a known signal, or template, with an unknown signal to detect the presence of
the template in the unknown signal. It was hypothesized that a matched filter would be
able to identify the transitions between each cycle if it was given an initial cycle as the
input. For this segmentation technique, therefore, the first cycle of the first repetition was
manually segmented (to obtain the template for the matched filter), and then this filter
was passed through the remainder of the data. In order for this segmentation technique to
be successful, the initial cycle that was used as the matched filter template was assumed
to be a perfect contraction. The results from the matched filter output should provide a
maximum when the full cycle template is matched in the data, which should occur when
a new cycle is about to commence. As shown in Figure 3.27, the matched filter output is
also maximum at motion changes, which is ideal for determining segmentation locations

to break the data into the 3 motions of interest.
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Figure 3.27 - Matched Filter Output and Corresponding Targets
As seen in many of the other segmentation techniques, determining the segmentation
locations by amplitude was difficult as not all data sets have perfect peaks. However, the
matched filter approach yielded much more consistent results than the previous methods
investigated. With a semi-supervised approach to ensure the matching was working
properly, this method provided the potential for real-time usability testing (although it

would not be ideal for clinical applications as the supervision would still be needed).

3.3.8 Segmentation using PCA and Matched Filtering

As one final evaluation, the PCA and matched filter approaches were combined. This
segmentation technique was similar to that of the matched filter, except that it used the
PCA components derived from the raw data as inputs to the matched filter as opposed to
the TD features. Its results are summarized along with the others in the following

sections.
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3.4 Segmentation Performance

The offline accuracy of a classifier represents how well it was able to extrapolate to a
new set of test data. The accuracy is determined by dividing the correct number of
classifications by the total number of classifications possible, as explained in Equation 2.
Although this measure does not strictly relate to the usability of a control scheme, it

provides a rough guideline for candidates for further real-time testing.

The training methods and different segmentation/clustering techniques were
compared by calculating the mean classification accuracy across all participants for both
DOFs using the static data collected during Screen Guided Training as the testing data. A
summary of results can be seen below in Tables 1 (for wrist pronation/supination) and 2

(for hand open/close, HO/HC).

Table 1 - Summary of Classification Accuracies (WP/WS)

Velocity Based Position Based Altered Position
Training Training Based Training
Accuracy 80.80 +/- 15.61% | 73.56 +/-24.29% | 73.59 +/- 15.46%
Manual | # Failed Trials N/A N/A N/A
Manual + Accuracy 81.83 +/- 15.95% | 70.87 +/-22.54% | 70.65 +/- 15.77%
Bhattacharyya # Failed Trials N/A N/A N/A
Accuracy 75.81 +/-21.53% | 64.90 +/-21.76% | 73.50 +/- 17.93%
K-means | # Failed Trials 4 6 5
Accuracy 77.84 +/-18.45% | 68.13 +/-21.83% | 75.38 +/- 17.70%
PCA+k-means | # Failed Trials 11 11 13
Accuracy 76.68 +/- 11.89% | 69.54 +/- 15.06% | 72.37 +/- 11.28%
PCA | # Failed Trials 6 4 5
. Accuracy 91.02 +/-4.98 % | 86.06 +/-12.55% | 88.85+/-9.37%
Matched Filter | # Failed Trials N/A N/A N/A
PCA + Matched Accuracy 90.36 +/-5.58% | 83.98 +/-13.43% | 89.35+/-8.18%
Filter | # Failed Trials N/A N/A N/A

52




For the WP/WS segmentation the automatic segmentation methods (PCA and k-
means) yielded low accuracies due to the instances of complete failure during
segmentation. The manual segmentation techniques are more consistent than the
automatic methods, however, the segmentation based on amplitude lead to lower

efficiency than the matched filter methods that segment based on feature similarities.

Table 2 - Summary of Classification Accuracies (HO/HC)

Velocity Based Position Based Altered Position
Training Training Based Training
Manual Accuracy 81.35 +/- 14.33% | 79.78 +/- 17.15% | 80.53 +/- 14.83%
# Failed Trials N/A N/A N/A
Manual + Accuracy 82.28 +/- 12.81% | 80.06 +/- 19.24% | 79.61 +/- 12.95%
Bhattacharyya | # Failed Trials N/A N/A N/A
- 0,
K-means Accuracy 86.68 +/- 15.85% | 75.27 +/- 20.23% 83.18 +/4 12.95%
# Failed Trials 2 5
Accuracy 83.82+/-17.74% 74.79+/- 20.07% 83.37+/-12.96%
PCA*k-means | 4 Failed Trials 8 6 7
PCA Accuracy 73.95 +/- 13.37% | 73.88 +/-11.40% | 77.81 +/-7.38%
# Failed Trials 5 3 6
. Accuracy 91.35 +/- 9.99% 91.05 +/- 8.27% 92.51 +/- 6.89%
Matched Filter | 4 Eailed Trials N/A N/A N/A
. Accuracy 90.74 +/- 10.76% | 90.69 +/- 8.88% 93.24 +/- 6.27%
PCA +Matched Filter | , raijed Trials N/A N/A N/A

The HO/HC DOF segmentation results were similar to those of WP/WS. The matched

filter methods, which segment based on feature similarities, outperformed the automatic

segmentation methods and the methods that rely on solely on the MAV features.
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Chapter 4. Selection of Segmentation Locations

The contents of Chapter 3 demonstrate that an automatic segmentation of transient
training data may not always yield consistent results. Manual segmentation methods that
rely solely on the MAV or instantaneous features lead to lower efficiency rates than those
that leverage temporal information. Although manual, or semi-supervised segmentation is
not practical in a clinical context, it was employed in this work because the purpose of

this work was to evaluate the dynamic training methods.

Because the matched filter approach with human supervision yielded the highest
classification accuracies, it was adopted for further study as follows: the first three PCA
components were extracted from the raw training data as collected in Chapter 3 from 8
EMG channels. The first cycle of the first repetition was then manually selected within
ACE by the experimenter by looking at the MAV of the features across the 8 channels,
seen in Figure 4.1. The PCA components derived from this manually extracted segment
were then compared to the remainder of the data, and the output from the matched filter

was evaluated visually to ensure peaks were occurring during transitions.
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Figure 4.1- MAV for one repetition of WP/WS Data
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The matched filter output corresponding to one repetition is shown below in Figure
4.2. The peaks were automatically detected and shown on the figure for the experimenter
to approve or change before proceeding to the following repetition. Since the training
targets for all training sets were known, the experimenter had knowledge of the
approximate locations of these transition points. If the peaks were misplaced, or if there

were any missing, the experimenter was able to manually select or change them.
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Figure 4.2 MF Output of WP/WS Data for 1 Repetition
Because the exact location in a dynamic contraction when the change of classes
occurs was unknown, three different data segmentation locations were examined for

future implementation during our usability study, as explained below.

4.1 Matched Filter Output
The first data segmentation technique used the maximum matched filter output
location, as detailed above. As shown in Figure 4.3, the matched filter locations that

yielded the highest amplitude occurred during the low amplitude portion of data
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collection, as expected (after the user releases one contraction but before they initiate the

next).

MF Qutput for First Rep (MF from first cycle of Rep 1)
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Figure 4.3 - Matched Filter Segmentation Locations Superimposed on MAV of Features (blue, matched filter;

dotted red, MAV; red dot, segmentation location)

4.2 Matched Filter Output with Bhattacharyya Refinement
Based on the findings in the second preliminary experiment, the Bhattacharyya
distance was found to be an effective distance measure that maximizes the distance
between features. The second segmentation technique therefore extended the matched
filter approach by incorporating the Bhattacharyya distance to refine the selected
location. Figure 4.4 illustrates the maximum Bhattacharyya distances using the same
training data as figure 4.3 and shows that the Bhattacharyya refinement slightly modifies
the segmentation locations compared to the matched filter output alone. This method, in
general, segments the data earlier in the time series, while the signal is still reducing from

its peak.
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Figure 4.4 - Matched Filter Output with Bhattacharyya Refinement (blue, matched filter; dotted red, MAV; red

dot, segmentation location)

4.3 Matched Filter Output with Shift

The third segmentation location algorithm incorporated a constant shift from the peaks
found by the matched filter approach. When testing the offline accuracy of the LDA
classifier, it was found (as shown in Figure 4.5) that a constant shift between -15%-15%
of the matched filter output produced similar LDA classification accuracies, however a
shift of -15% of the cycle length offered a slightly better accuracy, it was evaluated as a
third location option. The corresponding segmentation locations can be seen in Figure

4.6.
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Figure 4.5 - Matched Filter Output with % Shift (Mean Across Subjects Indicated in Bold)
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Figure 4.6 - Segmentation using Matched Filter Output with 15% Shift (blue, matched filter; dotted red, MAV;

red dot, segmentation location)
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Chapter 5. Real-time Usability Testing

Upon selection of the segmentation method and locations outlined in Chapter 4, a
real-time target acquisition experiment was conducted to assess the usability performance
of ten different combinations of training and segmentation techniques. The target

acquisition test in this experiment was as a Fitts’ law style test, as described in [2].

5.1 Protocol

Thirteen able-bodied subjects (9 male and 4 female, mean age 24 +/- 2.1 years, 12
right-handed) participated in this experiment, using the same experimental setup as
described in Chapter 3.2.1. Nine of the subjects reported having had some previous
experience with myoelectric control. The ten permutations of training and segmentation
consisted of all combinations of the position, velocity and position-reset training methods
with the three different segmentation approaches (as described in Chapter 4), and a
baseline comparison classifier trained using ramp contractions and segmented based on

amplitude.

5.2 Data Collection

An 8-electrode cuff was placed around the subject’s dominant forearm and training
was performed using the custom graphical interface described in Chapter 3. Before
beginning the experiment, each subject learned each of the five motions, and the
electrode activity was monitored until the electrodes settled so there was negligible
amount of noise remaining on all channels. Each subject was trained using the four
different training methods described in Chapter 3 and were guided through one

familiarization session of each of the different training methods.
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5.3 Target Acquisition Test

A Fitts’ law-based acquisition test was conducted to evaluate the usability of the ten
different training sets. For each trial, after training, the subject was prompted with two
targets and a cursor on the screen. A trial consisted of 24 different target locations as
described in Table 5.1. The aim of this test was to accurately move the cursor into two
required targets, rotational and vertical targets, within the required time by eliciting the

corresponding contractions.

-T\meuﬂ: 89 -
\ Time Left 108

Figure 5.1 - Fitts' Law Target Acquisition Test; (left) rotation target achieved, vertical target not achieved,

(right) neither target achieved
As seen in Figure 5.1 (left), the red boxes indicate the targets for the black cursor.
Once the cursor is within the target, it was turned green. The test was considered

complete once the cursor remained within both targets for a full one second dwell time.

The movement of the cursor was controlled by the class output of the classifier, and
the velocity by a proportional speed control determined by the mean of the MAV of all
eight channels [62]. Performing no motion (a resting state) resulted in the cursor not

moving. Pronation/supination class outputs controlled the rotation of the cursor ‘dial’,
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while hand open/close controlled the up/down movement of the cursor. If the task was
not completed within 12 seconds, the target timed out and was considered unsuccessful.
Each trial included 24 consecutive targets with randomized combinations of three
different widths and two different distances, resulting in six different indices of difficulty.
The two distances were 25% and 100% of the full trajectory, while the widths (W) were

10%, 15%, and 25%. The index of difficulty (ID) was calculated by:
ID =1 2D
= ng(W)

where D corresponds to the target distance, W is the width of the target, and ID is the
Index of Difficulty. The target widths and distances along with the IDs are summarized in

the table below.

Table 3 - Target Locations and Widths

Distance  Width ID
100 10 3.46
100 15 2.94
100 25 2.32
25 10 1.81
25 15 1.42
25 25 1.00

Because classification is sequential, only one class could be activated at a time. A two
second rest time was provided between each target testing attempt during which the
cursor was returned to the neutral position. The trial of 24 targets was repeated for each
of the 10 training/segmentation schemes, presented to each participant in a random and
blinded order. After each test, subjects were asked to take a break if needed, and a

mandatory break was given after the third and seventh trials.

61

Q)



5.4 Performance Metrics
A set of performance metrics used in many prior experiments to investigate the
usability of myoelectric control [2] [3] [62] were employed to provide information about
the control quality during the usability test.
Table 4 - Performance Metrics

Metric Description

Path Efficiency Quality of control; a ratio of the shortest possible distance to the target and
the actual distance traveled.

Throughput Index of performance; a combination of speed and accuracy expressed as a
single measure of information bandwidth [61]
Overshoot Target acquisition; the number of times the target was acquired and then lost

before completing the dwell time over the total number of targets possible.

5.5 Results
5.5.1 Participant Feedback

Quantitative and qualitative information was collected from each subject at the
beginning and end of the experiment. Each subject provided their age, handedness, and
level of prior EMG experience before the experiment began, and at the end of the
experiment each subject was asked to rank the training protocols from 1-4, where 1
corresponded to the most intuitive protocol, and 4 belonged to the least. As shown in
Figure 5.2, most participants found velocity-based training (VBT), as employed by PGT,
to be the least intuitive training method. Conversely, the majority of subjects preferred

the position-based training as the most intuitive.
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Summary of Training Method Intuitiveness Based on User Feedback
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Figure 5.2 - Participant Feedback: Intuitiveness of Training Methods (Mean and Standard Deviations of the
Average Points Attributed Across All Participants)

5.5.2 Performance Metrics

To evaluate the performance of each of the training and segmentation methods, a two-
tailed paired t-test was used with a significance level of 0.05 to compare the efficiency,
overshoot and throughput metrics. Two main effects were evaluated: 1) the segmentation
approach, and 2) the training method. For the ramp training method, only the training

method was evaluated as this data was not segmented in any way.

Efficiency

A summary of the results for the efficiency metric is shown in Tables 5 and 6. The

tables can be read by comparing the row training method with the column method — for
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example, within Segmentation 1, VBT had 10% higher efficiency than PBT. Notable
results are indicated for the VBT training method which had a significantly higher
(p<0.05) efficiency than all three other training methods when using Segmentation 1.
VBT also outperformed PBT and Ramp training methods with Segmentation #3. When
comparing the training methods using Segmentation 2, no statistical significances were

found.

Table 5 - Differences in Mean Efficiencies by Segmentation Type for the Different Training Methods

PBT PRT Ramp
VBT 10.0* 5.5* 5.1*
Segme?tation PBT 45 -4.9
PRT -0.38
VBT 8.5 -0.26 0.92
Segme;tation PBT 8.7 -7.6
PRT 12
VBT 7.6* 6.2 5.2%
Segme;tation PBT 14 2.3
PRT -0.97

* Denotes statistically significant difference (p<0.05)

When comparing the efficiencies of the various segmentations methods for each
training method, it was observed that for VBT, Segmentation 1 and Segmentation 3
outperformed the ramp baseline. For PBT, Segmentation 3 and the ramp baseline had a
significantly higher efficiency than Segmentation 2. No statistical significances were

found between the segmentation methods of PRT.
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Table 6 - Mean Efficiencies for Different Segmentation Methods for VBT, PBT and PRT

Segmentation 2 | Segmentation 3 Ramp
Segmentation 1 4.2 -0.10 5.1*
VBT | Segmentation 2 -4.3 0.92
Segmentation 3 5.2*
Segmentation 1 2.7 -2.6 -4.9
PBT | Segmentation 2 -5.2* -7.6*
Segmentation 3 -2.3
Segmentation 1 -1.5 0.59 -0.38
PRT | Segmentation 2 2.1 1.2
Segmentation 3 -0.97

* Denotes statistically significant difference (p<0.05)
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Average Efficiency of all Methods
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Figure 5.3 - Average Efficiencies across all Training and Segmentation Methods
Throughput

No significant differences in throughput were found between any of the combinations of

training or segmentation schemes, as evident in Figure 5.5.
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Average Throughput of all Methods
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Figure 5.4 - Average Throughput of all Training and Segmentation Methods

Overshoot

The only significant difference in overshoot between segmentation methods was with
the fixed shift segmentation technique. The average overshoot for VBT was 0.2 less than
PBT (p < 0.05) and 0.16 less than PRT (p < 0.05). The only significant differences
between segmentation methods occurred with PRT training when the matched filter
output segmentation overshoot was 1.2 less than that of the shifted segmentation method

(p<0.05). Both methods yielded an overshoot of 1 less than ramp (p<0.05).
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Chapter 6. Discussion and Conclusions

6.1 Discussion

The overall goal of this research was to evaluate the efficacy of different training for
pattern recognition based myoelectric control. This was motivated by the fact that current
methods of training fail to incorporate the transitions required during actual usage. While
the addition of extra data may seem advantageous, its inclusion necessitates an additional

step of segmentation which has proven to be difficult to implement automatically.

This thesis looked at four different training methods, 2 of which were newly proposed
methods, and 2 that are commonly used, to determine which was the most reliable for
real-time use. As shown in the results, although the prosthesis guided training (PGT)
approach (which follows the VBT scheme) may have been deemed to be the least
intuitive training by the subjects, it still led to the best performance when coupled with

the fixed shift segmentation technique.

To facilitate the comparison of dynamic training approaches, a variety of
segmentation approaches were explored. While amplitude-based methods seemed
intuitive, it was observed that amplitudes of the wrist pronation/supination DOF are not
always distinguishable. Automatic clustering algorithms also suffered in some instances
with no identifiable method of recovery. Ultimately, a matched filter, which took
temporal information into account, was combined with a semi-supervised approach to
yield a testable system. Since the matched filter approach naturally segmented
movements at the valleys of the transitions, variations of this MF output location were

also explored.
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Although the different segmentation methods yielded varying levels of success during
initial offline analyses, no consistently significant differences were found during the
usability test. The matched filter segmentation approach, which segmented classes in the
valleys yielded significantly higher efficiency than all 3 other training methods when
paired with VBT. While subjects found this to be the least intuitive training protocol to
follow, the difficulty of following this prompt may have led participants to pay closer

attention during this training.

The PBT training method was found to be the most difficult to segment, likely due to
greater similarities in features from one motion to another. Because there was no “no
motion” period to distinctly break up the DOF, it was a lot more difficult to determine the
transition location, particularly for the wrist pronation/supination DOF. During usability
testing, participants had the most trouble achieving the wrist rotation targets, no matter
the training method, indicating that the proper segmentation location for the WP/WS

DOF may be different than the location for the HO/HC DOF.

Overall, this work confirmed the moderate superiority of the VBT training approach
employed by the current commercial PGT system as compared to simple ramp training

approaches.

6.2 Contributions

The key contributions of this work included:

1) an analysis of the differences between multiple training methods in a usability

test.
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2) the evaluation of various automatic segmentation techniques for continuous and
dynamic myoelectric signals

3) asemi-supervised method of training for PR myoelectric control.

The first contribution is somewhat lackluster in the sense that there was no one
training or segmentation approach that consistently outperformed all other methods.
Nevertheless, as a result, the need for better segmentation techniques was uncovered, and
further improvement may provide added clarity in the outcomes of this work. The second
result is useful for future studies trying to segment additional dynamically transitioning
time-series data. A better understanding on different segmentation and clustering
techniques for myoelectric control were obtained, and a matched filter-based approach
using time domain features proved to have higher classification accuracies than pure
amplitude techniques. The third contribution includes a functional semi-supervised
method of training for PR myoelectric control which can be applied to many different

training methods used in the field.

6.3 Future work

Although this work focussed on the impact of different training approaches, it
required a substantial amount of work on segmentation. A number of approaches were
able to successfully segment dynamic training data in most cases; however, none worked
sufficiently well to avoid the need for manual input from the experimenter was included
during the usability test. In a real-life scenario, this is impractical, and thus more work on
automatic segmentation approach is still warrented. As research continues and the
technology and understanding of pattern recognition grows, an automatic implementation
of a segmentation technique may be within reach and could improve the robustness of
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myoelectric pattern recognition systems. A possible approach may include a fusion of

multiple segmentation approaches.

The consideration of cognitive load and user motivation during training must be taken
into consideration to help form a more complete picture of training and usability.
Subjects reported that training with Prosthesis Guided Training required a lot more
attention than all other training methods as it was not as intuitive as a prompt as the
others. This may have led to better compliance from users, as it required them to pay
careful attention. Alternatively, it may also lead to user error when used in a less
constrained and supervised setting. Future experiments could be conducted to include
motivations, such as a point system, to keep the participant’s level of engagement the

same throughout all training methods.

Although the order of the training and segmentation combinations was randomized, it
was also observed that participants seemed to lose motivation as the experiment wore on,
lasting nearly two hours causing the overall quality of data to diminish. In certain
instances, the timeout period during the usability test was reached without the participant
successfully achieving the targets. As mentioned previously, the WP/WS DOF seemed to
be the DOF which caused the most issues during testing; however, a lack of motivation
could have also played a factor in the user not trying their best to reach the target. The
implementation of a fully automatic segmentation algorithm, adding a motivation factor
to the experiment, and testing fewer combinations, could help to reduce the total time of
the experiment and increase the motivation to properly train and reach the targets within

the Fitts’ Law study.
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6.4 Conclusions

The goal of this work was to better understand the impact of different training
modalities on the usability of pattern recognition based myoelectric control. This was
achieved by incorporating dynamic motion into two existing training methods and 2 new
methods, then observing the classification performance for different segmentation

locations in both offline and real-time usability tests.

As shown by Scheme and Englehart [5], the incorporation of dynamic training data
within a single class has been shown to improve the usability of prosthetic control. This
work has shown that segmentation required when including additional training data that
contains boundaries between two active motions is challenging. Moreover, even when
this confounding factor is addressed, the inclusion of these data may not further improve
the usability of pattern recognition based myoelectric control. This may be a result of the
natural and increased variability in dynamic multi-class training contractions, which may

not translate well to real-time control.
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Appendix A
Matched Filter

A matched filter involves correlating a known signal, or template, with an unknown
signal to detect the presence of the template in the unknown signal. Since the data
collected is cycling in nature, it is possible to use one full cycle as a template, then
detecting the output to understand where there is a high match of features. Note that two
separate matched filters, corresponding to both motions within a degree of freedom, were
also observed, however it was found that they resembled so closely in features that they
provided high outputs even for the opposite motion. By using a full cycle, this helped
provide the template with additional data and still provided the output with high peaks

between both classes, which is what was needed.

The raw data collected from the participant is scaled by the overall standard deviation of
the whole data set (all four repetitions), then the five features are extracted from this data.
The matched filter segmentation approach was implemented by considering the first
cycle of the first repetition during training as the matched filter — this cycle was
considered to be a perfect contraction. Figure B1 illustrates the prompt for the
experimenter to select the matched filter start and end — this selection is a manual
process, however, the experimenter should select the location which occurs near the

beginning of the start of the first transition and near the end of the second transition.



18}
16}

14|
121 A

08

06

0.4

0.2

0 100 200 300 400 500 600

Figure Al- Selection Prompt for Matched Filter

Then, the first four PCA features of this section of data and of each repetition collected
are extracted and considered to be the matched filter features used for the remainder of

the DOF data. An example of a selected matched filter can be seen in Figure B2.

Mean Features of Matched Filter (Rep 1)
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Figure A2 — Example of MAV of Matched Filter Features
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Once the matched filter features have been extracted, they are run through the entirety of

the PCA features of each repetition separately. Figure B3 demonstrates the output of the

matched filter for the first repetition of data collected during training. Since the matched

filter output is highest when features are more closely similar, this indicates it should be

highest at a point of transition (as the matched filter was selected before and after a cycle

transition).
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Figure A3- Experimental Prompt for Repetition #1 to Select Segmentation Locations

The peaks are automatically detected using an algorithm created in MATLAB, however,

there were times when the peaks were not correctly labeled, therefore a prompt was given

to the experimenter to indicate whether the peaks were properly found. If the

experimenter indicated they weren’t correct, 2 different options could be chosen:
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1) Reselect all of the peaks manually

2) Keep all of the identified peaks, but add another selection

Once the new selection of peaks was made, or if they were determined to be correct
initially, the same logic followed through for the remaining 3 training repetitions and

these peaks were eventually used as segmentation locations for classifier training.
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