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Abstract

The goal when replacing an amputated limb with an artificial one is for the prosthe-

sis to respond as smoothly and naturally as the original limb, and for its use to be as

simple and intuitive to learn as possible. After decades of development, myoelectric

control has begun to fulfill that promise, with pattern recognition (PR) allowing a

greater range of potential motions, accessible in a more straightforward interface,

than ever before. However, the technology remains prone to difficulties from a num-

ber of sources, leading many users to abandon their devices due to poor control. The

recent development of rejection – a simple paradigm in which uncertain movement

decisions are ignored to prevent potentially costly errors – has shown promise in a

controlled setting, however many questions remain about its utility and practicality.

The exploration of this emerging aspect of control resulted in several research

objectives for this thesis. The first was to demonstrate the usability of rejection

for different classification schemes and to systematically establish a threshold for

optimal controllability. The second was to implement and evaluate rejection as part

of a practical error-reduction task. The third was to examine what effect rejection

may have on a user’s ability to learn and adapt to a PR controller, as well as how

rejection affected the way the user interacted with a PR controller.

The results establish that rejection can be used not just with the gold-standard

classifier, linear discriminant analysis (LDA), but with classifiers based on support

vector machines (SVM) and support vector regression (SVR), as well. Controllability

ii



was found to be equally viable for a range of rejection thresholds, and even outside

that range, using rejection remained superior to not using it at all. Finally, it was

found that users did not change their behaviour, nor did they internalize or adapt to

PR controllers any differently, whether they used a rejection scheme or not. These

findings collectively present a strong case that, when properly tuned, rejection has

broad utility as a post-processing technique that improves the controllability and

user experience of PR without the host of drawbacks commonly incurred with other

techniques.

iii



Dedication

In loving memory of Dad and Pa

iv



Acknowledgements

No work of this scope is a singular achievement, and the extent of this particular

work requires acknowledging a large group of people.

I will begin by acknowledging Dr. Erik Scheme and Dr. Kevin Englehart, my

co-supervisors. Dr. Englehart took a chance on me more than six years ago as a

stranger cold-calling from across the country, setting up the summer internship that

ultimately led to this Ph.D.; Dr. Scheme agreed to take me on as a graduate student

soon after he’d completed his own Ph.D., showing me the papers he’d just finished

demonstrating the still-new concept of rejection-based control, which immediately

intrigued me and set me down the path that this thesis ultimately took. It’s been a

long and not entirely easy four and a half years, and has required no small amount of

patience from both professors as I’ve struggled with my physical and mental health

throughout graduate school; the work within this document is a testament to their

perseverance as well as my own. I’d also like to mention Dr. Daniel Blustein, who

was both a co-author and major intellectual contributor for the study in Chapter 5.

I would next like to acknowledge my labmates at the IBME, of whom there have

been too many to list over the years. Among them, however, Alex Belyea, Nathan

Quinn, Ashley Ballanger, and Dr. Ahmed Shehata became close friends over the

years, each of whom were instrumental in helping me keep my sanity at some point.

Coffee Trains, board game nights, and Beers With BidenTM will stay with me well

after other aspects of the graduate experience have left me.

v



I’d also like to acknowledge the friends I’ve made outside of work since moving

to Fredericton, with whom I’ve shared many laughs, many games, and the odd tear.

Tracy Austin, Amy Gauthier, Dustin Gamblin, Jody Harding, and Kel Hines are all

people who’ve been there for me in some capacity, and made my life happier and

fuller these last few years. Meanwhile, my old friends, Dr. Christie Schmidt, Gerard

Gareau, and Katie Cordes, have continued to be my rocks from afar.

Most important to me, however, is my family. First, my mom, Marjorie Robert-

son, has been my greatest academic supporter and confidante for about 30 years.

She has done anything and everything for me, and without her, nothing I’ve done

in my career has ever been possible. My in-laws, Catherine and Terry Piper, took

me in as one of their own almost immediately, and their house has been a second

home to me. They have been sources of humour, advice, and comfort throughout

this journey, and their support and aid at a crucial period of my schooling helped

get this thesis over the line, for which I am deeply grateful. My Nana, Betty Gi-

rard, has also long been a proud champion of my academic career, and also made a

critical contribution late in my degree to help get this thesis completed in a timely

manner. She has long been a source of encouragement and inspiration for me and I

am grateful for her place in my life.

And most of all, my partner, Mary Beth Piper, the love of my life, who came into

my world early in my degree and quickly became the brightest fixture in it during

both easy and difficult times. She celebrated article acceptances with me; she held

me during late-night panic attacks. She encouraged me both in person and by text

message when I needed motivation to finish this thesis; she lounged on the couch

with me on Saturday mornings (and afternoons) when neither of us could really be

bothered. This thesis would not exist without her, I love her more than words can

express, and I am indescribably happy to be spending the rest of my life with her. I

can’t wait.

vi



Table of Contents

Abstract ii

Dedication iv

Acknowledgments v

Table of Contents vii

List of Tables xi

List of Figures xiii

Abbreviations xvii

1 Introduction 1

1.1 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.1.1 Fundamentals of Myoelectric Control . . . . . . . . . . . . . . 2

1.1.2 Pattern Recognition Control . . . . . . . . . . . . . . . . . . . 4

1.1.2.1 Elements of Pattern Recognition . . . . . . . . . . . 4

1.1.2.2 Performance Measurement . . . . . . . . . . . . . . . 6

1.1.2.3 Outstanding Issues . . . . . . . . . . . . . . . . . . . 9

1.1.2.4 Efforts to Enhance PR . . . . . . . . . . . . . . . . . 13

1.1.3 Rejection Control . . . . . . . . . . . . . . . . . . . . . . . . . 15

1.1.4 Learning Myoelectric Control . . . . . . . . . . . . . . . . . . 17

1.2 Research Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

vii



1.2.1 Gap Statement . . . . . . . . . . . . . . . . . . . . . . . . . . 21

1.2.2 Specific Aims . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2 The Effect of Classifier and Proportional Control on the Usability

of Rejection in Pattern Recognition 24

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.2.1 Apparatus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.2.2 Experimental Protocol . . . . . . . . . . . . . . . . . . . . . . 26

2.2.3 Statistical Analysis . . . . . . . . . . . . . . . . . . . . . . . . 28

2.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

2.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3 Rejection of Systemic and Operator Errors in a Real-Time Myo-

electric Control Task 39

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.2.1 Apparatus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.2.2 Protocol . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.2.3 Error Classification . . . . . . . . . . . . . . . . . . . . . . . . 42

3.2.4 Statistical Analysis . . . . . . . . . . . . . . . . . . . . . . . . 43

3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

3.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4 Effects of Confidence-Based Rejection on Usability and Error in

Pattern Recognition-Based Myoelectric Control 49

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

viii



4.2.1 Apparatus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

4.2.2 Protocol . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.2.3 Error Classification . . . . . . . . . . . . . . . . . . . . . . . . 54

4.2.4 Statistical Analysis . . . . . . . . . . . . . . . . . . . . . . . . 56

4.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

4.3.1 Fitts’ Law Analysis . . . . . . . . . . . . . . . . . . . . . . . . 57

4.3.2 Error Rates . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

4.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

5 Rejection Improves Myoelectric Control Without Affecting Inter-

nal Model Development 64

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

5.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

5.2.1 Apparatus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

5.2.2 Protocol . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

5.2.2.1 Classifier . . . . . . . . . . . . . . . . . . . . . . . . 68

5.2.2.2 Experimental Task . . . . . . . . . . . . . . . . . . . 70

5.2.3 Data Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

5.2.3.1 Fitts’ Law Analysis . . . . . . . . . . . . . . . . . . . 73

5.2.3.2 Internal Model Analysis . . . . . . . . . . . . . . . . 75

5.2.4 Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

5.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

5.3.1 Fitts’ Law Analysis . . . . . . . . . . . . . . . . . . . . . . . . 77

5.3.2 Internal Model Analysis . . . . . . . . . . . . . . . . . . . . . 77

5.3.3 Rejection Rates . . . . . . . . . . . . . . . . . . . . . . . . . . 79

5.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

5.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

ix



6 General Discussion and Conclusions 85

6.1 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

6.2 Summary of Findings . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

6.2.1 The Robustness of Rejection . . . . . . . . . . . . . . . . . . . 86

6.2.2 The Utility of Rejection . . . . . . . . . . . . . . . . . . . . . 87

6.2.3 The Intuitiveness of Rejection . . . . . . . . . . . . . . . . . . 88

6.3 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

6.4 Future Research . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

A On the Origin and Nature of Confidences 98

A.1 Linear Discriminant Analysis . . . . . . . . . . . . . . . . . . . . . . 98

A.2 Support Vector Machine . . . . . . . . . . . . . . . . . . . . . . . . . 100

A.2.1 Derivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

A.2.2 Confidence Calculation . . . . . . . . . . . . . . . . . . . . . . 102

A.2.3 The Multiclass Problem . . . . . . . . . . . . . . . . . . . . . 103

A.3 Mahalanobis Distance . . . . . . . . . . . . . . . . . . . . . . . . . . 104

A.4 Relations Between Confidences . . . . . . . . . . . . . . . . . . . . . 104

References 106

Vita

x



List of Tables

2.1 Combinations of target distance, D, and width, W , presented to the

subjects, ordered by index of difficulty, ID. . . . . . . . . . . . . . . . 29

2.2 Values of p for two-way interactions between the three factors in the

ANOVA; boldface entries are statistically significant. . . . . . . . . . 32

2.3 Linear correlations between Fitts metrics and index of difficulty. Val-

ues are coefficient of determination r2. Significance markers: * –

p < 0.001; † – p < 0.01; ‡ – p < 0.05. . . . . . . . . . . . . . . . . . . 34

4.1 Linear correlations between Fitts metrics and error rates. Values are

Pearson’s correlation coefficient r. Significance markers: * – p <

0.001; † – p < 0.01; ‡ – p < 0.05. . . . . . . . . . . . . . . . . . . . . . 59

5.1 Fitts’ Law metrics for the complete adaptation trials, comparing re-

sults from users without rejection (NR) to users with rejection (R).

Values reported as mean (standard error; SE); * denotes statistical

significance. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

5.2 Fitts’ Law metrics for the hidden-cursor portion of the adaptation

trials, comparing results from users without rejection (NR) to users

with rejection (R). Values reported as mean (SE); * denotes statistical

significance. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

5.3 Fitts’ Law metrics visible-cursor portion of the adaptation trials, com-

paring results from users without rejection (NR) to users with rejec-

tion (R). Values reported as mean (SE); * denotes statistical significance. 78

xi



5.4 A comparison of internal model parameters between subjects without

rejection (NR) and with rejection (R), with significances reported for

both the ANOVA and Levene’s test of homogeneity of variances. Val-

ues reported as mean (SE). β1 – adaptation coefficient; CE – control

error; JND – just noticeable difference. . . . . . . . . . . . . . . . . . 78

5.5 Pearson correlations between internal model metrics and the rejection

rates experienced by subjects during their respective trials. β1 – adap-

tation coefficient; CE – control error; JND – just noticeable difference;

* denotes statistical significance. . . . . . . . . . . . . . . . . . . . . . 79

xii



List of Figures

2.1 Placement of the UNB Smart Electrode Cuff on an experimental subject. 27

2.2 Fitts’ Law metrics using MAV-based (left) and normalized (right)

proportional control. Colour-coded points, regression lines, and sig-

nificance markers represent different classifiers: LDA (black), SVM

(blue), LDAR (red), SVMR (grey). Metrics in this figure: movement

time (A, B); throughput (C, D); and completion rate (E, F). Error bars

represent standard error (SE). Significance markers for pairwise com-

parisons of Difficulty and Classifier are shown separately on the left

and right sides, respectively, for clarity. Where letters appear, they

represent homogeneous groups, with all other pairings significantly

different from each other. Where symbols are shown, they alone rep-

resent significant differences: * - from LDA; † - from difficulty level 1;

‡ - from difficulty level 2. . . . . . . . . . . . . . . . . . . . . . . . . . 30

xiii



2.3 Fitts’ Law metrics using MAV-based (left) and normalized (right)

proportional control. Colour-coded points, regression lines, and sig-

nificance markers represent different classifiers: LDA (black), SVM

(blue), LDAR (red), SVMR (grey). Metrics in this figure: movement

time (A, B); throughput (C, D); and completion rate (E, F). See cap-

tion of Figure 2.2 for an explanation of the significance symbology.

Symbols for significant difference: * - from LDA; † - from SVM; ‡ -

from difficulty level 1; § - significant difference from difficulty level 2;

‖ - from difficulty level 3; ¶ - from difficulty level 5. . . . . . . . . . . 31

2.4 A sample movement trial demonstrating the “double rejection” effect

of normalized PC with SVM rejection. A) Target class confidence

(solid line), cursor movement speed in units per second (dotted line),

and mean absolute value of contraction in volts (dashed line), with

the SVM rejection threshold of 0.70 highlighted for convenience (dot-

dash line). B) The same plot zoomed in on the activation period, with

gridlines and markers added to aid interpretation. . . . . . . . . . . . 36

3.1 Illustration of the three operator errors. A) Overshoot (EOS) error,

in which the subject passes through the target without stopping. B)

Bounceback (EBB) error, in which the subject attempts to stop, but

the cursor moves backward instead. C) Bounceback Perpendicular

(EBBP) error, in which the subject attempts to stop, but the cursor

moves perpendicularly instead. . . . . . . . . . . . . . . . . . . . . . . 42

3.2 Illustration of typical user movement pattern in two-dimensional tasks.

First, the user moves the cursor to the right, to be in line with the tar-

get (dashed lines). Then, the user moves upward to reach the target

itself. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

xiv



3.3 Baseline error incidence without rejection. Left: correct and erroneous

samples. Right: a detailed breakdown of error type. . . . . . . . . . . 44

3.4 Error rates from (A) controller output, (B) rejected samples, and (C)

user actions, subdivided by type: EOS (black), EBB (dark grey), EBBP

(light grey), ESYS (white). Significance differences (total error only):

* from no rejection; † from 0.50; ‡ from 0.55; § from 0.60. . . . . . . . 45

3.5 Incidences of bounceback perpendicular error (EBBP) in rejected sam-

ples from novice (solid line, circles) and experienced subjects (dashed

line, triangles) at each rejection threshold. While a significant in-

teraction effect is observed, there is no consistent observable trend,

suggesting that it is likely a false positive. . . . . . . . . . . . . . . . 46

4.1 Illustration of the three operator errors. A) Overshoot (EOS) error,

in which the subject passes through the target without stopping. B)

Bounceback (EBB) error, in which the subject attempts to stop, but

the cursor moves backward instead. C) Bounceback Perpendicular

(EBBP) error, in which the subject attempts to stop, but the cursor

moves along the opposite DOF instead. . . . . . . . . . . . . . . . . . 55

4.2 Fitts summary statistics with respect to rejection threshold: (A)

movement time; (B) throughput; (C) path efficiency; (D) overshoot;

(E) stopping distance; (F) completion rate. Black lines show the data

means; shaded grey areas represent 95% confidence intervals. Signifi-

cance markers: * significant difference from no rejection; † significant

difference from 0.50; ‡ significant difference from 0.55. . . . . . . . . . 58

4.3 Comparison of usability outcomes for experienced (triangle) and in-

experienced (circle) subjects: (A) movement time; (B) throughput.

Error bars (single-sided for visual clarity) represent standard error of

the mean. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

xv



4.4 Total error rates for (A) accepted, and (B) rejected movements, sub-

divided by type: EOS (black), EBB (dark grey), EBBP (light grey),

ESYS (white). Significance markers (ETOT only): * significant differ-

ence from no rejection; † significant difference from 0.50; ‡ significant

difference from 0.55; § significant difference from 0.60. . . . . . . . . . 60

5.1 The experimental apparatus. Note that the subject’s arm has been

constrained to minimize undesired movement. . . . . . . . . . . . . . 67

5.2 Training screen for DOF-based training. Subjects alternated between

antagonist contractions within the same degree of freedom in time

with a moving red block cursor; the data collected using this prompt

is then used to train the regression algorithm. . . . . . . . . . . . . . 68

5.3 The constrained 2-DOF task. A) Subjects moved the cursor (bot-

tom left) through the “pipe” (green structure at bottom), out of the

“gate” (gap at the top of the pipe) as close to the midline as possible

(black line through the gate), then up toward the target (grey block

at middle). B) For the adaptation task only, once the subjects exited

the pipe, the target became a red square, which the subjects had to

enter and stop within; the pipe turned grey to discourage re-entry. . . 72

5.4 Scatterplots with lines of best fit between internal model metrics and

the rejection rates from their corresponding tasks. A) β1 vs. adapta-

tion task rejection rate; B) control error vs. control noise task rejection

rate; C) just noticeable difference vs. JND rejection rate. . . . . . . . 80

xvi



List of Symbols and Abbreviations

Note: All symbols and abbreviations are presented alphabetically, with Latin letters

preceding Greek letters.

Symbol Definition
Ck Confidence in motion class k
D Target distance for Fitts’ Law Task
dk Mahalanobis distance to motion class k
EBB Bounceback errors
EBBP Bounceback Perpendicular errors
ei Error in adaptation trial i
EOP Operator errors
EOS Overshoot errors
ESY S Systemic errors
ETOT Total errors
ID Fitts’ Law index of difficulty
Mk Mahalanobis score for motion class k
p Statistical significance
r Pearson correlation coefficient
THmin proportional control activation threshold
W Target width for Fitts’ Law Task
~x Feature vector representing the current sample
α A priori statistical significance threshold
β0 Intercept of regression line for adaptation
β1 Coefficient of adaptation to self-generated errors
~µk Centroid of motion class k
Σk Covariance matrix of motion class k

xvii



Abbreviation Definition
ABD Wrist abduction
ADD Wrist adduction
ANOVA Analysis of variance
CE Control error for Fitts’ Law Task
COMP Trial completion rate
DOF Degree of freedom
EFF Path efficiency for Fitts’ Law Task
EMG Electromyography/electromyographic/electromyogram
EMG-PR Electromyography pattern recognition
EXT Wrist extension
FLX Wrist flexion
JND Just noticeable difference
LDA Linear discriminant analysis
LDAR Linear discriminant analysis with rejection
MAV Mean absolute value
MT Movement time for Fitts’ Law Task
NR Non-rejection controller
OS Target overshoot rate for Fitts’ Law Task
PC Proportional control
PR Pattern recognition
R Rejection controller
REB UNB Research Ethics Board
RM-ANOVA Repeated measures analysis of variance
SD Stopping distance for Fitts’ Law Task
SE Standard error
SVM Support vector machine
SVMR Support vector machine with rejection
TP Fitts’ Law throughput

xviii



Chapter 1

Introduction

The development of myoelectric control for prosthetic limbs has advanced in recent

years to the point where it is no longer simply used to open or close a terminal device,

or rotate that device in place, as has traditionally been done. Instead, a wide range of

commands may be relayed to ever more life-like hands with the use of commercially

available pattern recognition (PR) systems [1], [2]. While these systems have seen

success in controlling activities of daily living [3], with greater sophistication comes

greater potential for error. Occasional errors are inevitable, even in organic control

systems, however too many can result in the perception of lost control, one of the

primary reasons for device abandonment [4].

It is also important, however, to consider the person behind the engineering prob-

lem. While data is limited, it appears that the incidence of depression or other mental

illnesses in congenital limb-deficient patients is similar to those of the able-bodied

population [5], whereas traumatic amputees show much higher rates of depression,

anxiety, and other co-morbid mental health issues [6]–[8]. However, those traumatic

amputees report a lessening of mental health symptoms after using a prosthetic limb

[8]. This is particularly effective when doing so reduces phantom limb pain, or even

produces embodiment of the prosthesis, restoring some sense of “wholeness” [9];
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these processes are naturally improved by more intuitive and robust control.

It is critical, then, from both an engineering perspective and a patient quality

of life perspective, to continue to devote resources toward systematically reducing

PR errors and improving PR control. This may be accomplished in part through

the further understanding of the simple but powerful post-processing technique of

confidence-based rejection of uncertain classification decisions: how it interacts with

different classifiers, how it interacts with different errors, and how it interacts with

the users themselves.

1.1 Literature Review

1.1.1 Fundamentals of Myoelectric Control

For nearly as long as it has been possible to record the electrical activity generated

by human muscles, we have sought to use it as a source of control for prosthetic

limbs [10] and other rehabilitative devices. While the technology for doing so has

become progressively more sophisticated over the last several decades, the principle

of using muscle contractions to intuitively and naturally produce control signals for

an end-effector remains largely unchanged.

Most early applications made use of direct control, in which the muscle electricity,

or electromyogram (EMG), is recorded from one or two muscles, then filtered and

amplified to produce a control signal, which is then used to activate the prosthesis.

While early models would take signals from a single measurement site to control a

mechanism that then passively relaxed [11], the field quickly came to favour active

control in both directions. This could be done with level-coding, where a moderate

contraction could perform one function, while a more intense contraction performed

the other [12], or more intuitively, through the use of two measurement sites, gener-

ally an antagonist pair that could be readily mapped to two opposing actions, e.g.,
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opening and closing the hand [13], [14]. Devices could be activated using simple

on-off (or “bang-bang”) control [11], [12], or in proportion to EMG level (i.e., pro-

portional control) [13], [14]. More sophisticated control came with the development

of devices capable of performing multiple actions: users could control these multi-

ple degrees of freedom (DOFs) using the same two muscle sites by a process called

mode switching, in which a strong co-contraction of the antagonists signalled to the

controller that the user wished to change from one DOF to another [15]. Thus, a

user could switch, for example, from hand open/close to wrist rotation simply by

activating both their flexors and extensors simultaneously.

This basic control scheme remains in use to this day, as it is both inexpensive

and simple to implement. There is a substantial drawback, however, due to the com-

plexity of operating multiple DOFs using direct control alone: consider, for example,

opening a door. The user would have to reach forward, close their hand on the door-

knob, co-activate the agonist and antagonist muscles, rotate their hand, pull the door

forward, co-activate again, and open their hand. This requires a great deal of time

and effort for a prosthesis user compared to an able-bodied person, even assuming

no control errors occur at any point. Another, related issue is that the movements

required are not necessarily intuitive: the most commonly-used muscles for direct

control are the wrist flexors and extensors, which are synergists for hand close and

open, respectively, but totally uninvolved in wrist rotation. While unnatural or un-

intuitive control systems can be learned with time (e.g., [16], [17]), they are far from

ideal, particularly when seeking to encourage long-term usage [18]. Furthermore,

many newer terminal devices have far more than two functions available, rendering

mode switching highly impractical [3], [19]. All these concerns point toward the need

for a more sophisticated approach to myoelectric control.
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1.1.2 Pattern Recognition Control

With pattern recognition (PR) control, several EMG signals can each be decomposed

into one or more features, which are then input into one or more learning algorithms

to discern user intent. While examples of such an approach can be found as far back

as the late 1960s [20], the development of smaller and more powerful computing

hardware in the 1980s and 1990s made PR control much more accessible to both

experimenters and prosthesis users.

1.1.2.1 Elements of Pattern Recognition

The scope of PR is, by definition, broad, and in the pursuit of better classification

outcomes, researchers have investigated every part of the process. The central el-

ement is, of course, the classifier itself. The most common classifier is the linear

discriminant analysis (LDA) classifier [21], due to its combination of low complexity

and high classification accuracy with EMG data. Other popular classifiers include

artificial neural networks [22] and the support vector machine (SVM) [23], the latter

of which has gained a great deal of ground in recent years with the availability of

powerful embedded computing hardware and high-capacity memory. While other

classifiers, such as quadratic discriminant analysis [24], k-nearest neighbours [25],

Gaussian mixture models [26], hidden Markov models [27], and random forests [28],

have been used from time to time, they have not found consistent usage. More re-

cently, some investigators have begun to investigate deep learning techniques, such as

the convolutional neural network [29], while others have devised their own classifiers

and methodologies (e.g., [30], [31]).

It is, of course, unwise to provide the raw EMG signal to a pattern classifier,

since the stochastic nature of EMG would necessarily produce a stochastic output.

Instead, as noted above, the signal is first processed to extract features that capture

its essential characteristics. These features can be broadly categorized as belonging
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to the time domain, the frequency domain, or both. The most popular time domain

features, by far, are those devised by Hudgins et al. [32]: their seminal paper has been

cited over 1,400 times as of the end of December 2018, according to Google Scholar.

While an exhaustive variety of newer time-domain features have been developed in

that time [33], the Hudgins features – mean absolute value (MAV), zero crossings,

slope sign changes, and waveform length – remain in common use because they pro-

duce accurate classifications, and represent multiple key informational aspects of the

EMG signal [34], while remaining inexpensive to compute. In the frequency domain,

it is typical to use six auto-regressive coefficients in classification [35], particularly in

concert with the Hudgins time-domain features [21]. More recently, Cepstral coeffi-

cients – spectral decompositions based on the Fourier transform commonly used in

speech recognition – have become more popular in PR control, and have been shown

to have similar [34], [36], [37] or better [38] discriminatory power to autoregressive

coefficients. Finally, examples of features with both time- and frequency-domain

characteristics include the wavelet transform (e.g., [39], [40]) and time domain power

spectral descriptors (e.g., [40], [41]): while these features, and ones like them, have

performed well when used, particularly when addressing difficult areas of PR research

(see §1.1.2.3), they remain less common than the simpler time- or frequency-domain

features.

As important to classification as the features themselves is how they are ex-

tracted. Features are extracted over a small time window, and while it has been

shown that longer windows provide more accurate analysis [42], [43], this accuracy

comes at the expense of a longer decision and processing times [42]. This severely

limits the length of analysis window that can be used, since delays longer than 100-

125 ms have been found to cause progressively worse prosthesis control when using

direct control [44]. Windows short enough to produce that level of delay in PR,

however, will tend to result in poor accuracy due to the level of variability that is
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necessarily introduced back into the system [35]. An important compromise, which

allowed for both rapid updates and sufficiently long analysis periods, was to use

overlapping windows: that is, to begin one analysis window before the other had fin-

ished [42]. Most PR studies today use window lengths of 150-250 ms, with window

overlaps of 20-90% of the window length – typically at least 50 ms – though some

studies have used longer windows on a casewise basis [40].

Finally, in an effort to further improve classification accuracy, different methods

of pre-processing may be applied to the inputs of the classifier at different stages. The

most obvious approach has been to filter the raw EMG signal, using both traditional

methods (i.e., power-line filtering, low-pass filtering) and more advanced methods,

such as an adaptive common averaging filtering method [45]. Another common

technique is to increase the signal-to-noise ratio of the EMG signal with whitening,

which increases the effective bandwidth of the signal using white noise and has been

shown to improve classification outcomes [46]. Once the features are extracted, they,

too, may be subject to filtering: a recent conference paper found improvements in

classification accuracy after features were filtered using moving average or weighted

average filters over short windows [47]. To reduce computational load, especially

when large numbers of signals are used, the number of features or channels may be

reduced by various methods that reduce the redundancy in the data set (e.g., [48]),

with principal components analysis proving particularly popular [21].

1.1.2.2 Performance Measurement

It is clear from surveying these myriad methods that there are many ways to con-

struct a PR control system capable of high classification accuracies. Yet despite this,

PR-based myoelectric control users report a host of problems with their devices, and

frequently wind up abandoning them [4], [49]. Even in the laboratory, it has of-

ten been reported that offline accuracy has only a weak association with real-time
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usability. This was first observed by Lock et al. [50], who found no significant corre-

lation between classification accuracy and performance in a virtual clothespin task.

A follow-up study found that adding transitions from no motion to the training data

reduced accuracy but improved performance in the virtual task [51]. In the years

since, several other studies have similarly demonstrated that different forms of offline

accuracy bear only passing, if any, relation to real-time controllability [52]–[56]. In

one study, offline analysis suggested that LDA would be more robust to noise than

linear regression, while real-time control found the opposite to be true, demonstrat-

ing the importance of considering the learning and responding user as part of the

control loop [55]. These results, combined, necessitated the development of testing

methods which specifically work online.

The best testbed, of course, is the prosthesis itself, however powered, multi-DOF

prostheses are expensive, and require additional equipment for able-bodied subjects

to use [44], [57]. Some experimenters have had subjects control separate robotic

devices instead [58], [59], however most prefer virtual systems because they are rela-

tively cheap and simple to implement, while still allowing subjects to experience the

control dynamics of a moving system. Virtual limbs are one common solution [50],

[60]–[62], as they provide the most direct analogue to prostheses. These may be used

on a computer screen or, more recently, in virtual or augmented reality [63]–[65].

Alternatively, more abstract solutions, such as controlling a cursor, arrow, or block,

may also be used [66]–[69]. The advantage of a virtual control task is that it allows

the extraction of metrics that would not be easy, or even possible, to measure with

a free-moving prosthetic limb, resulting in novel insights.

While virtual limbs may be used to perform simulations of traditional object-

manipulation tests [50], [51], [70], [71], both virtual limbs and cursors have been more

frequently applied to variants of Fitts’ Law testing. In Fitts’ classic experiment [72],

subjects sought to reach a target as quickly and accurately as possible. The time
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taken to reach the target (movement time, MT ) was found to be linearly related

to the difficulty rating of the target (index of difficulty, ID), which itself was a

logarithmic function of the distance to, and width of, the target (1.1).

ID = log2

(
2D

W

)
(1.1)

This relationship was conceptualized as representing the motor system’s capacity

for transmitting information, with the slope of the regression line between MT and

ID representing the system’s throughput (TP). Subsequent experimentation led to a

revision of the ID calculation [73], the so-called Shannon formulation (1.2), but this

paradigm has otherwise endured and been adapted to a variety of motor control tasks

[74]–[76], most notably cursor control [77], [78]. This makes it a powerful framework

in which to examine virtual control using PR.

ID = log2

(
D

W
+ 1

)
(1.2)

Fitts’ Law testing using EMG-PR functions much the same whether using a

virtual limb or cursor: users are presented a target in one to three DOFs at a given

distance and width, which they must reach and remain within for a short period

of time (the dwell time); if they cannot do so, they are marked as having failed a

trial. After performing a certain number of trials, their performance is then assessed

using some number of metrics, including MT, TP, and completion rate (COMP). A

common tool for Fitts’ Law testing with virtual limbs is the Target Achievement

Control (TAC) Test [60]. In the TAC Test, the target limb position (the “distance”)

is shown as a phantom for the subject to then match within some tolerance value

(the “width”). The TAC Test reports MT – allowing the calculation of TP – as well

as COMP and path efficiency (EFF). Fitts testing using cursor control, meanwhile,

is similar to the Fitts’ Law Task described by Scheme et al. [66], [79]. The Fitts’
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Law Task, inspired by both the TAC Test and the cursor control tasks used in the

spinal cord injury field (e.g., [76]), sees the user start with a cursor at the centre of

the screen, which they may move about the screen in two DOFs to reach a target

at a given position, then either expand/contract [66], [79], [80] or rotate [81], [82] to

achieve the target’s third DOF. The Fitts’ Law Task reports MT, TP, COMP, and

EFF, like the TAC Test, as well as average velocity, reaction time, stopping distance

(SD), and overshoot rate (OS).

While these two methods of testing spring from broadly similar principles, they

may not necessarily be interchangeable: at least one recent study has found that the

cursor-based Fitts’ Law Task produced better performance in most Fitts’ Law-based

metrics than the TAC Test under the same circumstances [80]. The authors of that

paper suggested that the more abstract nature of the Fitts’ Law Task made it easier

to represent the tolerance or width of the target gestures, making it easier in turn

for subjects to perform. As for how these virtual tasks compare to prosthesis-based

testing, it has recently been shown that improvement in TAC Test outcome measures

following long-term myoelectric control training correlated with improvements in

most measures of prosthetic control, whereas classification accuracy generally did

not [71]. While no similar analysis has been performed for cursor-based virtual tasks

using PR, at least one study has observed similar learning rates for cursor tasks and

prosthesis control using direct muscle control, even with a non-intuitive mapping

[16], suggesting potential in this area, as well.

1.1.2.3 Outstanding Issues

During real-time usability testing, both virtually and with a prosthesis, a number of

common issues have been observed. Each of these have been found to greatly impact

the PR usage experience, and while there are certain common approaches that can

address some of these issues (see §1.1.2.4), there are also more direct approaches to
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mitigating the problems they present, as discussed briefly here.

Limb Position. The position of the limb has a profound effect on the activa-

tion patterns associated with different movements, since it affects both the lengths

of the muscles associated with the movements and the activation levels associated

with maintaining that posture against gravity [83], [84]. Incorporating information

from different limb positions during training is typically necessary to overcome this

problem, though the method for doing so has evolved. Collecting training data at

all limb positions will produce highly accurate classification [85]–[89], though doing

so can be time-consuming; dynamically training a contraction by holding it through

a range of limb positions in a single motion has been found to be a less onerous

alternative [87], [90]. Conversely, measuring limb position using accelerometers [25],

[41], [85], [86], [91], electrogoniometers [89], or inertial measurement units [88] has

enabled the incorporation of position into the classification decision. This inclusion

may be done by either including the measurement directly as one or more features

[25], [41], [86], [88], or as part of a two-stage process, classifying first the position,

and then the motion [25], [85], [86], [89], [91]. These two approaches have both been

shown to work well, though the latter proved more robust to limb movement during

ambulatory movement [25]. In other efforts, some groups have looked at incorpo-

rating frequency-domain and time-frequency features, with improved interposition

classification accuracy [41], [92]. More recently, the limb position effect has been

applied to approximate unknown positions, improving classification accuracy [83],

[93], [94] and, in one study, online usability [94].

Electrode Shift. This is a common phenomenon in prosthetic control, since it

can occur due to any normal or accidental movement of the socket that connects

the prosthesis user to their device. For example, the socket may slide slightly due

to gravity, the user may shift slightly within their socket, or when the user doffs

then dons their socket, they may put it on slightly differently. The result in any
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case is a spatial shift in the EMG signals about the limb, often making said signals

more difficult for the classifier to recognize [95]–[97]. The simplest solution is, again,

to use more data, either by employing high-density EMG [98] or by training with

the electrodes in multiple, slightly displaced positions [95], [96]. More sophisticated

approaches have looked at optimizing electrode placement, alignment, or spacing

[99], [100]. Others, meanwhile, have favoured algorithmic solutions. For example,

one group demonstrated that the extraction of muscle synergies by non-negative

matrix factorization was robust to electrode shifts given as few as six electrodes

– a fairly standard configuration – in both offline and online testing [67]. Some

researchers have sought combinations of traditional time- or frequency-domain fea-

tures that are robust to disturbance [97], while others have developed or utilized

features that specifically account for the spatial relationships between signals, such

as the variogram [101] and common spatial patterns [102], to produce spatially ro-

bust outcomes. Computer-vision techniques have also been applied to high-density

EMG arrays to produce similar results in one case study [103].

Fatigue. This describes the reduced capacity of the user to activate their muscles

to perform a given task due to exhaustion. As it pertains to PR, fatigue reduces

muscle conduction velocity, which shifts the EMG power toward the lower end of

the frequency spectrum, which in turn lowers the mean and median frequency and

can lead to a relative increase in amplitude [97], [104]–[106]. To address this, fatigue

must first be identified, typically using frequency-domain or time-frequency features

[106]–[109]; common time-domain features are less capable of detecting fatigue, even

if they produce poor classification accuracy in its presence [97]. To mitigate the

effects of fatigue, one solution would be to pre-process the EMG to mathematically

reverse its effects on the power spectrum [104]. An adaptive algorithm has also been

found to improve a classifier’s robustness to fatigued EMG [110]. Another group saw

success by applying different movement models to the end effector depending on the
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estimated fatigue level [111], [112].

Contraction Intensity Variability. Because measures of EMG power, such as

MAV, are among the most important discriminatory features in PR [33], [34], [43],

[113], contraction intensity will necessarily affect accuracy and control. An issue

is unavoidable, however, because modulating contraction intensity is necessary for

proportional control, leading some groups to consider how to mitigate problematic

outcomes. One approach is to train at different contraction intensities, using either

static contractions at different levels [97], [114], or by capturing transitions from rest

and including them in the training data [51], [114]–[116]. In either case, this will fill

out the feature space between rest and the motion classes, providing more informa-

tion to the classifier, resulting in more accurate classification [116]. As with other

sources of difficulty in PR, alternate feature sets are a common solution: for example,

a novel time-frequency feature set was tested against conventional features and found

to improve classification accuracy when contraction intensity varied [28]. Another

approach relies on the finding that muscle coordination patterns will approximately

scale with activation level [117]: based on this, a discrete Fourier transform-based set

of features was developed and found to produce classification accuracies that were

far more robust to contraction intensity than conventional features.

Long-Term Control. Within the course of a single, typical experimental session,

EMG patterns tend to be fairly stable, but over the course of many hours or days,

they will drift, resulting in large decreases in classification accuracy and usability

[24], [36], [118]–[120]. Indeed, one study shows this effect beginning after just one

hour of continuous use, with a decrease in accuracy of about 8% by the end of the

second hour [121]. This has led several researchers to apply adaptive algorithms in

an effort to mitigate the need for persistent retraining. In one study [24], after the

initial day, the training data were adapted for future days using a small segment of

calibration data collected at the start of the day, which was sufficient to overcome the
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changes in the EMG patterns. Another study proposed a novel “particle adaptive”

SVM [120], which proved superior to the existing incremental SVM in terms of both

adaptation time and unsupervised learning capacity across a twelve-hour study. A

third approach used a factor analysis-like method to find similarities between multiple

days of training data to minimize the need for future training [122]. Finally, as before,

feature space was mined for opportunities, with sample entropy proving to be far

more robust to changes across 21 days of sample EMG data, both as a single feature

and as part of a feature set, than any other feature [33].

1.1.2.4 Efforts to Enhance PR

Beyond simply addressing individual issues with pattern recognition control, re-

searchers have also sought to improve the usability of PR as a whole. Some of

these approaches, as noted in the previous section, have broad applicability to many

different problems, while others address issues endemic to PR as a whole.

As noted in the previous section, adaptive algorithms, which use new data to

evolve the classifier after it’s been trained, can address problems related to limb

position [94], muscle fatigue [110] and EMG pattern evolution over time [24], [38],

[120]–[122]. Beyond that, they’ve also been applied more generally to improve clas-

sification and usability outcomes, and minimize the need for re-training. Adaptation

algorithms can be divided into two broad categories: supervised, in which the class or

intended motion of the new data is known or pre-assigned, and unsupervised, in which

the class is unknown. One early example of supervised adaptation saw subjects lit-

erally supervising the adaptation themselves by inputting their intended motions on

a keyboard [123], though typically the system uses a prompted motion (e.g., [124]).

Unsupervised adaptation, however, is more relevant to real-world usage. Simpler

unsupervised algorithms have used entropy [121], [124], a rough measure of classi-

fication confidence, or the classifier decision itself [38], [125], to direct adaptation.
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These algorithms did improve classification outcomes compared to no adaptation

at all, though one study observed that unsupervised algorithms could be limited

by the fact that, when the classifier was confident but wrong, there was no way to

force adaptation in the right direction [124]. More sophisticated approaches taken

in recent years, such as the particle adaptive SVM [120] and “cascaded adaptation”,

which combines the benefit of earlier self-enhancement with the benefit of building

upon the previous day’s classifier [62], have improved outcomes steadily in this realm.

Finally, while co-adaptation – simultaneous adaptation by the subject and algorithm

to each other – has been observed for many years [126], it has more recently been

the target of specific study, and shown to improve controllability in both able-bodied

and amputee subjects, with some evidence to suggest that amputee PR performance

can be brought up to the level of able-bodied subjects, something that has rarely

been accomplished [127].

Researchers have also sought to use multiple sensory modalities to improve the

performance of EMG-PR. As noted above, accelerometers, inertial measurement

units, and electrogoniometers have all been useful for incorporating limb position

into classification [25], [41], [83], [85], [86], [88], [89], [91]. Beyond that, inertial mea-

surement units have also been used to calculate kinematic variables, such as joint

angles and orientations [83], [128]–[130]. At a most basic level, these variables can

simply be added alongside existing EMG features to enhance classification accuracy

and/or prosthesis usability, independent of any efforts to address limb position [128],

[129]. More interesting, however, is a recent study that incorporated joint orienta-

tion and velocity, as well as aperture and fingertip force from the prosthesis itself,

into a finite state machine that modulated the commands going to the prosthesis

[130]. This study demonstrated the use of several pieces of contextual information

to obviate spurious classification decisions using simple thresholds and if-then logic,

dramatically improving control. Along a similar line, another study used computer
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vision analysis to examine target objects and used that context to correctly predict

what type of grasp a subject might want to use in the great majority of situations

[131], potentially eliminating the need to train a large number of grasps separated

by very fine details within the classifier itself.

Finally, one of the simplest, and thus most frequently applied, measures is a

form of decision-level post-processing, the most popular of which is the majority

vote. In this method, whichever class is the most common within the raw decision

stream over the last N samples is chosen as the current output, irrespective of the

classifier’s current decision [42]. While this does introduce further delay, particularly

when transitioning from one class to another, it does have the effect of suppressing

spurious one- or two-sample misclassifications that could otherwise cause frustrating

errors. Along a similar line, the velocity ramp [52] suppresses these odd changes by

scaling the proportional output of the active class according to how many consecutive

classifications it’s received. This will cause the speed of the real or virtual end-

effector to start slower but increase over a short time period, at which point the

speed will be fully dictated by the baseline controller. Crucially, the speed for a given

movement class does not instantly reset upon a class change but decays according

to a “forgetting factor,” meaning that a brief, one- or two-sample interruption will

temporarily slow things down, but will not cause everything to start over. This

method was found to be more usable than the majority vote in a direct comparison

using both virtual and prosthetic control [52], and has begun to be more commonly

used in the field.

1.1.3 Rejection Control

A newer post-processing technique, which again may be used to address a broad range

of usability issues in PR control, is that of rejection: in essence, if the controller is

not certain of the user’s intended movement, it may be safer to not use the unclear
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decision than to risk a potentially costly error. Typically, this has meant suppressing

movement altogether [40], [66], [70], [79], [129], [132]–[136], though others have found

success by simply maintaining the last known correct classification [137]–[140], in line

with other post-processing techniques like the majority vote.

An early example of rejection used multiple binary classifiers to compare a sample

to one class versus all others. If a unanimous decision came back in favour of a specific

class – for example, selecting wrist flexion against the group of all other movements,

and then the group of all other movements for every other comparison – then it was

reasonably likely that the sample belonged to that class; otherwise, the decision was

uncertain and no motion occurred [70]. This evolved into using a one-versus-one

architecture, in which each class was compared to every other class, requiring one

class to win all of its match-ups in order to be selected; this setup was found to

produce greater offline accuracy [132], however subsequent online study found that

usability was not significantly improved compared to using no rejection at all despite

cleaner paths to the target, implying that the controller was over-rejecting [66]. This

in turn led to the development of confidence-based rejection, using the likelihood

measure output by the LDA classifier to guide rejection decisions: if the likelihood,

or confidence, did not exceed a certain threshold, the decision was rejected. This

was found to improve usability, demonstrating the viability of rejection as a post-

processing method [79].

In the years since then, some small amount of development has occurred. One

study proposed the use of a time-delay neural network informed by both the con-

fidence and the MAV of the last few samples as a supervisor layer on top of the

LDA to refine rejection decisions [137]. Another investigated the possibility of using

likelihood measures derived from classifiers other than the LDA: it was suggested

that SVM may be more preferable to LDA for rejection, as the classifier itself pro-

vides similar or better offline accuracy, while the likelihood measure has a greater
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dynamic range [134]. Others have used alternative rejection criteria, such as the Ma-

halanobis distance from the features of the training data [139], or single-class SVM

classification outcomes [140]. One recent study integrated adaptive windowing with

rejection, increasing the size of the window to incorporate more data in an effort to

improve confidence, only rejecting if the analysis window reached a pre-determined

maximum length without producing a clear answer [40]. Nevertheless, time-series

supervision of rejection remains relatively uncommon; LDA remains nigh-universally

used for PR rejection; and many other novelty-detection techniques (see [141]) re-

main unexplored for possible use with rejection. Indeed, despite the great potential

of rejection in PR control, and despite its usage with pattern recognition in other

fields (e.g., [142]–[144]), there remain surprisingly few studies making use of it in

EMG-PR, prosthetics, and rehabilitation robotics.

1.1.4 Learning Myoelectric Control

One further approach to improving the use of myoelectric control and PR is in the

application of motor learning principles. This allows the study of how subjects learn

to control PR systems, what changes to the system enhance internalization, and

how to more efficiently teach users to control a device. This approach has the ben-

efit of not only enhancing control, but potentially reducing device abandonment, a

longstanding problem in prosthetics [4], [49]. The oldest and simplest motor learn-

ing principle is, of course, “practice makes perfect.” In PR control, as in any other

physical skill, repetition has been demonstrated to produce gradual improvement in

classification accuracy and the repeatability or separability of patterns, absent any

explicit mention of coaching, teaching, or feedback [119], [127], [145]. Further to

that, “sleeping on it,” i.e., getting a full night’s rest after learning a motor task,

has been shown to not only be helpful but indeed vital to consolidating the previ-

ous day’s motor learning [146], and has been demonstrated in PR studies examining
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learning across days as well [145], [147].

However, the basic currency of motor learning is feedback. As noted in §1.1.2.4,

this was the principle behind co-adaptation, as the adaptation of an algorithm could

be accelerated in part by the adaptation of the user, which in turn was informed

by the feedback they received from the algorithm, and so forth, in a positive feed-

back loop [127]. The purpose of feedback in PR control is to encourage users to

provide more repeatable contractions within a movement class, and more separation

between different movement classes: that is, each iteration of wrist flexion should

more resemble each previous one, while iterations of a power grip should be as distin-

guishable from wrist flexion as possible. Different methods of providing this feedback

during training have included showing the user their confusion matrix, to illustrate

their commonly confused motions [61], [148]; using feature-space metrics to guide

coaching [61]; using live EMG signals to encourage consistent effort, separability,

and repeatability [149]; and providing live illustrations of the subjects’ classification

outcomes in feature space [150].

The last option is a basic example of teaching PR control using a virtual space.

More advanced methods may include using a full virtual environment, such as a

virtual limb like those described for performance measurement in §1.1.2.2 (e.g., [71],

[149]), or a customized task designed to teach PR control without using the direct

representation of an arm. For example, a recent study saw subjects improve their

PR control by piloting a virtual helicopter through a series of tasks, with the pitch,

roll, and yaw controls mapped to analogous wrist movements; the same control

system was later used to intuitively drive a prosthetic limb [145]. More advanced

still is the concept of gamification, in which subjects are trained using video games,

which are able to provide a higher degree of engagement, challenge, feedback, and

reward than other virtual environments [151]. Gamification of myoelectric training

has mostly focused on direct control to this point, and has been shown to improve
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the isolation of agonist and antagonist muscles [147], [152], with a longer-term study

showing steady improvement across ten sessions in a variety of metrics, including

better control using Fitts’ Law metrics and faster, more in-phase co-contractions for

mode switching [152]. The only gamification study to date involving PR that the

author is aware of [153] does have some methodological flaws outside of the gaming

aspect – for example, failing to consider inherent differences in body fat between

sexes while drawing conclusions about fitness – but still appears to illustrate some

of the same benefits described above, such as improved control and separability of

muscle contractions after training.

These increasingly elaborate means of providing feedback during training are all

ultimately in the service of enhancing a user’s understanding of the control system

they are interacting with. In that respect, one of the key modern insights in motor

learning is that the brain does not simply store the results of every interaction with

the environment [154], but uses them to generate a series of internal models [155].

These models are representations of the body and environment that are stored in

the brain and used to inform and predict future movements and interactions with

the environment, which may in turn be updated based on new feedback from those

interactions [156]. To relate this to PR control, consider a prosthesis user reaching to

grab an empty tin. The body’s internal feedback processes (i.e., closed-loop control)

are too slow to do so in a swift and smooth way, necessitating the use of feedforward

processes (i.e., open-loop control). Internal models of the empty tin and the PR

control system will allow the user to formulate the motor commands necessary to

produce the correct grasp, in the correct position, with the correct aperture, reach

for the tin, and then close the prosthesis with the correct force, allowing them to

lift the tin without crushing it. Feedback from the execution of these movements

may then provide opportunities for minor error corrections (e.g., the aperture is too

small; the wrong grasp was selected) or for internal model updates after the fact

19



(e.g., the wrong grasp persists; the force was too great and the tin was crushed).

Recent work has used the internal model paradigm to examine PR control and

prosthesis usage, to understand both how these things are learned and how internal

models themselves are formed and reinforced. In one such study [157], able-bodied

subjects used a prosthetic limb with a bypass to manipulate objects, with vibrotac-

tile feedback provided to aid their efforts. This proved unnecessary under typical

circumstances, since feedforward control was sufficient to produce correct grasps,

but once either feedback or feedforward uncertainty – in the form of visual obscurity

and random control signal delays, respectively – were introduced, it became vital to

ensuring that subjects could grasp the objects with appropriate force. The noisiness

of the EMG signal itself, even when processed as PR features, has also been shown to

produce feedforward uncertainty [158], [159]. In one study, this noisier EMG control

was compared to a noiseless joystick-based control, to establish the effect of this un-

certainty, as well as the uncertainty associated with the mechanical inefficiencies of

a real prosthetic hand [158]. It was determined that EMG control introduced much

more control uncertainty than the mechanical inefficiency of the hand, such that

EMG control of a virtual prosthesis with force feedback produced a similar amount

of error to joystick control of a real prosthesis without force feedback. The same

study also observed that feedforward control alone could not maintain an internal

model, but that some amount of intermittent, “maintenance” feedback was required

to maintain the strength of an internal model, or else it would decay [158].

Recent improvements in the understanding of motor learning principles, particu-

larly internal model formation and usage, has resulted in the development of a new

field called computational motor control, in which mathematical models of motor

behaviour are used to gain new insights into motor learning. For example, Kalman

filters may be used to represent an internal model, since a Kalman filter is able to

integrate multiple sources of information – i.e., various sources of feedback as well as
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the existing model – and weight those sources based on their relative uncertainties

[159]. Given this, it may also be used to “work backwards,” and infer the uncertainty

in the internal model based on known errors from other sources in the motor system

[159]–[163]. One study using this methodology with direct control compared how

subjects adapted to random perturbations and self-generated errors in the presence

of feedback uncertainty [159]. While feedback uncertainty impaired learning across

the board, it caused particular issues for the random perturbations, since subjects

had no way of predicting them. Conversely, self-generated errors could be accounted

for using proprioceptive feedback and the existing internal model in able-bodied sub-

jects. This paradigm was then adapted to PR control, to understand why subjects

adapted better to simultaneous, multi-DOF control, despite more easily controlling a

sequential, single-DOF system [162]. It was determined that the multi-DOF system

provided superior feedback, allowing the development of a stronger internal model,

which persisted even when that feedback was later removed. A follow-up study

examined a means of providing this feedback while also maintaining the usability

benefits of sequential control by presenting the multi-DOF control signal as audio

feedback; this was found to produce both a high degree of control and strong internal

models [163].

1.2 Research Objectives

1.2.1 Gap Statement

From this overview of the literature, it can be seen that improvements in the field have

largely stemmed from either algorithmic improvements or a better understanding of

the human-machine interface. In many cases, the interaction between these two

factors has been left unexplored. For example, while it is known that rejection

of uncertain PR decisions improves the usability of a myoelectric control system,
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it is less clear how exactly it does so. More specifically, it is not yet known what

kind of movements are being rejected and not rejected, nor how to more finely tune a

rejection protocol. It is also not clear whether the action of rejection has a subsequent

effect on other aspects of myoelectric control, such as the user’s internalization of

the controller.

1.2.2 Specific Aims

This gap statement informed three specific aims, which guided the research within

this thesis.

Specific Aim #1: Demonstrate the usability of rejection with another

PR classifier. As stated in §1.1.3, rejection has been used almost universally with

LDA, however due to the almost binaristic nature of its confidence distribution, there

is a limited range of usable rejection thresholds that may be used. Therefore, before

any other work was undertaken, a viable alternative was needed; the most promising

candidate for this was SVM, due to the more linear progression of its confidence

statistic. If SVM did, indeed, prove to be suitable for confidence-based rejection, it

was also thought important to establish empirically, rather than heuristically, what

the ideal confidence threshold for the new rejection controller should be. This aim

was addressed primarily in an unpublished pilot study that appears in Chapter 2,

comparing the usability of rejection controllers using LDA and SVM.

Specific Aim #2: Determine the types of errors rejection is capable of

countering. The use of Fitts’ Law metrics presents a compelling case that rejection

works in a general sense, however the next step should be a demonstration that

it can counter specific common errors in the decision stream. To that end, it was

necessary to first observe, define, and categorize (i.e., as behavioural or random)

the errors that typically occurred in a usability task, then determine what effect, if

any, rejection had on these errors. This would provide a clear, practical illustration
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of rejection’s utility. This aim was addressed in a pair of studies, both previously

published, appearing in Chapters 3 and 4: the first study focused on the incidence of

error in the decision stream at different rejection thresholds, while the second related

this to usability and user experience level.

Specific Aim #3: Determine the effect of rejection on user behaviour

and learning. The ideal myoelectric control system is, at once, both easy to learn

and easy to control. The former demands that the system form strong and certain

internal models in the user, while the latter demands robust error mitigation under

a number of circumstances, something rejection is capable of providing. However,

given that rejection does remove information from the observable output, it is not

clear what effect this could have on the user’s ability to internalize the control system,

and what effect this in turn could have on their adaptation to either self-generated

errors or perturbations. To that end, an experiment was conducted to establish

the effect of rejection on internal model formation and whether users altered their

underlying behaviour in the wake of encountering rejection. This aim is addressed

in Chapter 5, a study pending submission for publication, which examines the effect

of rejection on several different internal model-related metrics.
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Chapter 2

The Effect of Classifier and

Proportional Control on the

Usability of Rejection in Pattern

Recognition

2.1 Introduction

As was established in Chapter 1, pattern recognition (PR) based myoelectric control

has tremendous potential for more naturalistic control of prosthetic limbs and other

rehabilitative devices, but still has a host of difficulties to overcome (see §1.1.2). One

simple but effective method of combating these challenges is the rejection of uncer-

tain classification decisions, which has been shown to improve controller usability

in the relatively small number of studies that have been conducted (§1.1.3). It was

previously noted that most rejection studies – and indeed, many PR studies – have

made use of the linear discriminant analysis (LDA) classifier due to its low compu-

tational overhead and high classification accuracy. However, as observed by Scheme
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et al. [79], the confidence metric output by the LDA lacks dynamic range, typically

changing abruptly from low to high. In their follow-up study [134], they suggested

that the support vector machine (SVM) may be a more suitable alternative: the

SVM has been found to produce similar or better offline accuracy to the LDA with

EMG-PR data in several previous studies [43], [132], [134], [164], while Scheme et

al.’s offline study showed that it progressed linearly through the full dynamic range

of confidence values, potentially giving a more robust overall rejection controller.

The primary objective of this initial study was, therefore, to compare the usability

of LDA- and SVM-based PR control, both with and without rejection. We hypothe-

sized that SVM would provide better real-time control than LDA, and that rejection

would improve both methods of control, with the two effects complementing – if not

compounding – one another.

In most EMG-PR systems, the direction of movement is decided using classifica-

tion, but the cursor or device speed is determined as a function of muscle activation

level, such as the mean of channel amplitudes (e.g., [11], [116], [165]). The common

inclusion of a PR-derived rest class [79], however, introduces a lower bound to this

proportional control (PC) signal. Similarly, at the highest levels of activation, users

may encounter issues of discomfort, as they approach their maximal effort, or loss

of control, as their contractions exceed what the controller is capable of recognizing.

Thus, a class-specific normalized proportional control system, in which an individ-

ual’s full range of control is mapped onto the PR controller’s full velocity range, has

been demonstrated to provide better usability in a one-dimensional Fitts’ Law task

than traditional methods [166]. Given that success, this work sought to incorporate

these two advances in rejection and proportional control in a more complex, two-

dimensional Fitts’ Law task. Since it was not known how these two control methods

would interact, investigating that was a secondary objective of this study.
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2.2 Methods

Ten healthy, able-bodied subjects (six male, four female, all right-hand dominant,

age 26 ± 4.7 years) were recruited from the University population for participation

in two experimental sessions, each approximately one hour long. Subjects provided

informed consent in advance of the experiment, which was approved by the UNB

Research Ethics Board (REB #2015-101).

2.2.1 Apparatus

Subjects were seated comfortably in an office chair facing the experimental computer

with their arms placed on the armrests. They then donned the UNB Smart Electrode

cuff [167], with the electrodes placed equidistant about the thickest part of their

dominant forearm, just distal to the elbow (Figure 2.1). EMG signals were collected

using a custom-written Matlab R©-based data collection program [168] at a sampling

rate of 1 kHz, then notch filtered with a third-order Butterworth filter at 60, 180,

and 300 Hz to remove power line noise. The filtered signals were then divided into

overlapping windows of 160 ms, with observations taken every 16 ms, to allow the

extraction of Hudgins’ time-domain features [32]. The SVM was implemented using

LIBSVM for Matlab [169] because it included probability calculations, which are

necessary for confidence-based rejection, but are not innate to the classifier itself.

2.2.2 Experimental Protocol

After the subjects were fitted with the electrode cuffs, they sat quietly for a short

period to allow the electrodes to acclimate to their skin. They then provided training

data for the classifiers, performing four example contractions, each two seconds in

length, for the four active movement classes – wrist pronation, wrist supination, hand

close, and chuck grip (“hand open”) – as well as no motion. For each contraction,
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Figure 2.1: Placement of the UNB Smart Electrode Cuff on an experimental subject.

subjects began in a neutral position, then increased their contraction intensity up to

a moderate strength, to efficiently train a wide range of contraction intensities at once

[116]. These contractions were then used to train two different classifiers: the LDA

and the SVM. Each of these classifiers were used both with and without confidence-

based rejection, using threshold values based on previous work: for the LDA with

rejection (LDAR), this was 0.97 [79]; for the SVM with rejection (SVMR), this was

0.70 [134]. For more information on the calculation of LDA and SVM confidences,

see Appendix A, §A.1 and §A.2.2, respectively.

Once the training data were collected, subjects undertook the main experimen-

tal task, a Fitts’ Law-based virtual target acquisition task [66], [79]. The previously

trained muscle contractions were mapped to directions – wrist pronation and supina-

tion to down and up; hand open and close to right and left, respectively. The goal

was to move the cursor using these contractions from a starting position in the centre

of the screen toward a target and hold it there for a period of one second; if this was

not done within ten seconds, the trial was failed. The target could appear in one of
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eight possible directions, at one of two possible distances, in one of three possible

sizes. Each of these 48 total possible targets made up one experimental block, which

was performed for each of the four classification schemes. The classifiers were pre-

sented in random order, to mitigate the possibility of any presentation order effect.

During the first session, the cursor moved according to the normalized proportional

control scheme [166], while in the second, the more traditional proportional control

method, based on mean contraction intensity alone, was used [60].

2.2.3 Statistical Analysis

The primary outcome variables of this study were the metrics based on Fitts’ Law

derived from each experimental block. These take the principles of Fitts’ original

study on the trade-off between movement speed and accuracy in completing a task

[72] and expand upon them to take into account what can be measured virtually, and

what may be specifically relevant to a virtual task [60], [76]. These measures have

been previously applied to the Fitts’ Law task employed in this study and shown to

be valid measures [66], [79].

• Movement time (MT), the time required for the subject to complete each trial.

• Throughput (TP), the classic Fitts measure of information bandwidth required

by a task.

• Path efficiency (EFF), a measure of how close the subject’s traveled path was

to the ideal path.

• Overshoot rate (OS), the number of times per trial the subject exited the target

after entering it.

• Stopping distance (SD), how far the cursor travelled while the subject at-

tempted to stop, measured from the final entry to the target.
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• Trial completion rate (COMP), the number of trials completed out of the total

number attempted.

For each trial, an index of difficulty, ID, was calculated from target distance, D,

and width, W , using a modified version of Fitts’ original relation (2.1) [73]. The

resulting six levels of difficulty are summarized in Table 2.1.

ID = log2

(
D

W
+ 1

)
(2.1)

Level D W ID
1 50 25 1.59
2 50 15 2.12
3 100 25 2.32
4 50 10 2.59
5 100 15 2.94
6 100 10 3.46

Table 2.1: Combinations of target distance, D, and width, W , presented to the
subjects, ordered by index of difficulty, ID.

The Fitts’ Law metrics were compared using a three-way repeated-measures anal-

ysis of variance (RM-ANOVA), using within-subjects factors of Difficulty (six levels;

Table 2.1), Classifier (LDA, LDAR, SVM, or SVMR), and Proportional Control

(Normalized or MAV), with a full factorial model and Bonferroni post hoc correction

for multiple comparisons. Mauchley’s sphericity test was used to determine whether

variances were similar for pairwise comparisons; if not, the Greenhouse-Geisser cor-

rection was applied. Differences were deemed significant at the α = 0.05 level.

2.3 Results

Figures 2.2 and 2.3 illustrate the relations between the six Fitts outcome variables

with respect to index of difficulty for each of the four classifiers, with significant

pairwise differences of Difficulty and Classifier and/or homogeneous groups marked
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Figure 2.2: Fitts’ Law metrics using MAV-based (left) and normalized (right) pro-
portional control. Colour-coded points, regression lines, and significance markers
represent different classifiers: LDA (black), SVM (blue), LDAR (red), SVMR (grey).
Metrics in this figure: movement time (A, B); throughput (C, D); and completion
rate (E, F). Error bars represent standard error (SE). Significance markers for pair-
wise comparisons of Difficulty and Classifier are shown separately on the left and
right sides, respectively, for clarity. Where letters appear, they represent homoge-
neous groups, with all other pairings significantly different from each other. Where
symbols are shown, they alone represent significant differences: * - from LDA; † -
from difficulty level 1; ‡ - from difficulty level 2.
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Figure 2.3: Fitts’ Law metrics using MAV-based (left) and normalized (right) pro-
portional control. Colour-coded points, regression lines, and significance markers
represent different classifiers: LDA (black), SVM (blue), LDAR (red), SVMR (grey).
Metrics in this figure: movement time (A, B); throughput (C, D); and completion
rate (E, F). See caption of Figure 2.2 for an explanation of the significance sym-
bology. Symbols for significant difference: * - from LDA; † - from SVM; ‡ - from
difficulty level 1; § - significant difference from difficulty level 2; ‖ - from difficulty
level 3; ¶ - from difficulty level 5.

31



Metric
Difficulty ×

Classifier

Difficulty ×
Proportional

Control

Classifier ×
Proportional

Control
MT 0.184 0.001 0.984

TP 0.103 0.010 0.769

COMP 0.334 0.537 0.505

EFF 0.057 0.337 0.673

OS 0.093 0.840 0.754

SD 0.024 0.008 0.018

Table 2.2: Values of p for two-way interactions between the three factors in the
ANOVA; boldface entries are statistically significant.

according to their respective captions; these differences will be described briefly

below. No significant differences were observed for Proportional Control for any

of the six Fitts metrics. The p values of the two-way interaction effects appear in

Table 2.2: significant interactions of Difficulty × Proportional Control were found

for MT, TP, and SD, while SD also showed significant interactions of Difficulty ×

Classifier and Classifier × Proportional Control. Despite this, no significant three-

way interactions were observed.

Figure 2.2 shows the outcomes for MT, TP, and COMP. Subject movement time

(Figure 2.2A, B) showed a significant main effect of Difficulty, and increased with

ID at almost every level, except between difficulty levels 3 and 4. A main effect of

Classifier was also observed, however no significant pairwise differences were found.

With respect to throughput (Figure 2.2C, D), a main effect of Difficulty, with pair-

wise comparisons broadly showing that difficulty levels 1, 2, and 4 – all at D = 50

– had a greater throughput than levels 3, 5, and 6 – all at D = 100. There were a

couple of exceptions to this – a marginally non-significant difference between levels

1 and 6 (p = 0.056); level 3 having a lower throughput than level 6 – however this

trend otherwise held. A main effect of Classifier was also observed, with pairwise

comparisons showing that subjects produced a higher throughput using SVMR than

with LDA, but with no other pairings. Completion rate (Figure 2.2E, F) showed a
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main effect of Difficulty, but relatively few significant pairwise differences: difficulty

levels 1 and 2 showed higher completion rates than level 6, and level 2 showed a

higher completion rate than level 4. No main effects were observed due to Classifier.

Figure 2.3 shows the outcomes for EFF, OS, and SD. All three metrics showed

a main effect due to Difficulty, but notably, all three had pairwise differences that

demonstrated a hierarchy with respect to W to a greater or lesser degree. For path

efficiency (Figure 2.3A, B), levels 1 and 3 (W = 25) had the greatest efficiency,

followed by levels 2 and 5 (W = 15), followed by levels 4 and 6 (W = 10). The

exception to this pattern was that difficulty levels 2 and 6 were not significantly

different (p > 0.999), while levels 5 and 6 were. For overshoot (Figure 2.3C, D), the

trend was weaker: levels 1 and 3 had a lower overshoot rate than levels 2, 4, 5, and

6, excepting a non-significant difference between levels 2 and 3 (p = 0.083), and diffi-

culty levels 2 and 5 having a lower overshoot rate than level 6. For stopping distance

(Figure 2.3E, F), the trend was strongest: a clear hierarchy shows difficulty levels 1

and 3 with a significantly larger stopping distance than levels 2 and 5, all of which

had a significantly larger stopping distance than levels 4 and 6. With respect to

Classifier, a main effect was also observed for all three variables. For efficiency, pair-

wise comparisons showed that it was greater for both LDAR and SVMR compared to

LDA, and for SVMR compared to SVM. For overshoots, LDAR and SVMR produced

fewer of them than LDA, while SVMR also produced fewer overshoots than SVM.

Finally, stopping distance was greater with LDA and SVM compared to SVMR,

while no significant differences were observed compared to LDAR (p > 0.080).

Because of the distance- and width-related hierarchies observed for four of the

six variables, coefficients of determination were subsequently calculated with respect

to index of difficulty and compiled in Table 2.3. For the traditional, MAV-based

proportional control, only the two variables which did not show an explicit hierarchy

between either distance or width groupings of difficulty levels – MT and COMP –
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MAV Prop. Control Normalized Prop. Control
Metric LDA SVM LDAR SVMR LDA SVM LDAR SVMR

MT 0.958† 0.978* 0.975* 0.878† 0.967* 0.974* 0.955† 0.828‡
TP 0.631 0.658 0.482 0.131 0.683‡ 0.489 0.623 0.004

COMP 0.937† 0.679‡ 0.588 0.132 0.701‡ 0.673‡ 0.516 0.336
EFF 0.288 0.413 0.233 0.052 0.169 0.215 0.255 0.003
OS 0.465 0.599 0.550 0.248 0.706‡ 0.524 0.720‡ 0.605
SD 0.375 0.357 0.361 0.406 0.446 0.457 0.540 0.517

Table 2.3: Linear correlations between Fitts metrics and index of difficulty. Values
are coefficient of determination r2. Significance markers: * – p < 0.001; † – p < 0.01;
‡ – p < 0.05.

significantly correlated with ID. In the case of MT, the correlations were strong across

the board, while COMP showed moderate correlations with ID when using non-

rejection controllers only. In all other cases, when using any controller, no significant

correlations were observed. Indeed, when using SVMR, the correlations were the

weakest for all but stopping distance. For the normalized PC, the aforementioned

trends largely held, though most Fitts metrics did correlate at least slightly with

index of difficulty when using the LDA controller with this PC scheme.

2.4 Discussion

The results of this study did not show any significant differences between LDA- and

SVM-based PR control in any of the usability metrics from the Fitts’ Law task, either

with or without rejection, causing us to retain the null hypothesis that there is no

meaningful distinction between the two classifiers for this purpose. While this result

was unanticipated, it does nonetheless support the use of SVM as an alternative to

LDA in online PR studies, particularly with respect to rejection, for there were no

significant decreases in usability for any metric, either. While LDA has traditionally

been favoured over other classifiers due in part to its low computational overhead,

improved low-cost processing power has made SVM a viable alternative, especially
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with certain minimalist SVM implementations currently available [170].

More surprising was the lack of significant difference between rejection and non-

rejection controllers in certain usability metrics, specifically MT, TP, and COMP

(Figure 2.2), which most directly measure a subject’s ability to control the system.

However, trends toward improvement were observed for MT and TP, suggesting that

the effect size of the improvement was limited either by the low number of subjects,

or a slight case of over-rejection. By contrast, for the metrics that are derived

from the path taken by the subject – EFF, OS, and SD (Figure 2.3) – one or both

controllers showed improvement with rejection. Indeed, SD was the only metric for

which LDA was not significantly improved with rejection, and that difference, too,

showed a trend toward improvement; SVM was significantly improved with rejection

by all three metrics. Previous rejection studies have observed that an improvement in

path metrics without a corresponding, consistent improvement in usability metrics

may be evidence of over-rejection [66], meaning that one or both of the rejection

thresholds may have been empirically set too high.

Another unanticipated result was the lack of main effect of Proportional Control

on controller usability in light of previous results showing usability improvements,

albeit in a much simpler task setup [166]. Despite the lack of main effects, at least

one interaction effect did prove instructive, namely that of Classifier × Proportional

Control for SD. in which stopping distance was far lower for SVMR than for any

of the other three classifiers. It may be observed in Figure 2.3E and F that the

stopping distance for SVMR is far lower while using the MAV-based proportional

control compared to the class-normalized proportional control; this is inconsistent

with the other path-based metrics in Figure 2.3, which all show a distinct advantage

for SVMR. It should also be noted that subjects took a greater distance to stop

with the “easier” targets using the normalized PC, consistent with the Difficulty

× Proportional Control interaction effect that was also observed. Greater stopping
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Figure 2.4: A sample movement trial demonstrating the “double rejection” effect of
normalized PC with SVM rejection. A) Target class confidence (solid line), cursor
movement speed in units per second (dotted line), and mean absolute value of con-
traction in volts (dashed line), with the SVM rejection threshold of 0.70 highlighted
for convenience (dot-dash line). B) The same plot zoomed in on the activation
period, with gridlines and markers added to aid interpretation.

distances indicate not just a difficulty stopping, but also a general difficulty engaging

low-MAV contractions: for example, subjects may stop short of the target, have

difficulty starting, and then “burst” too quickly toward the target, causing them to

move further than they otherwise would have. Further investigation was required.

Figure 2.4 shows an overlay of three simultaneous traces taken from a sample trial:

MAV, confidence, and cursor speed. Note from Panel B that, while the contraction

rapidly crosses the rejection threshold of 0.70 at a time of 0.55 s, the first movement

is not recorded until 0.59 s. This difference of approximately 40 ms represents 2.5

analysis frames, and is likely to produce meaningful differences in usability outcomes

in real-world exercises, particularly when there is already a baseline delay of 160

ms for the EMG analysis window [44]. The cause of this delay in activation was

ultimately determined to be due to the difference in MAV: at 0.55 s, the MAV value

is approximately 0.13-0.14 V, whereas at 0.59 s, it is 0.20 V, nearly 50% greater.

The activation threshold for the normalized PC, THmin, is necessarily based on both

the maximum and minimum MAV values (MAVmax and MAVmin, respectively) from

the training data (2.2) [166] meaning, paradoxically, had the user produced a lower
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maximal contraction for this movement class, they would have had a lower minimal

voltage threshold to overcome.

THmin = 0.90×MAVmin + 0.10×MAVmax (2.2)

Note that this effect was not observed for every contraction undertaken with nor-

malized PC nor rejection, appearing almost exclusively with SVMR. This is likely

due to the nature of how classifier boundaries are calculated with respect to training

data: LDA hyperplanes are a function of the data centroids and covariances, and lie

at about the midline between classes irrespective of the marginal data points, whereas

SVM hyperplanes are optimized to minimize the distance between the boundaries

and the marginal data points (see Appendix A, §A.1 and §A.2.1, respectively). Given

that the marginal data points between any movement class trained using ramp con-

tractions and the no-motion class will necessarily have a low MAV value, it stands

to reason that a PC scheme that suppresses low-MAV contractions could act as a

secondary form of rejection for an SVM classifier, even once confidence has surpassed

the activation threshold. This suggests a fundamental incompatibility between class-

normalized PC and SVMR which may not exist for other classifiers, something that

future investigators should be mindful of when designing experiments.

The previously mentioned effect of Difficulty on several of the Fitts’ Law metrics

was found to have a secondary element. While strong linear correlations between

movement time and index of difficulty were observed, irrespective of PC method or

classifier (Figure 2.2A, B), other variables did not generally show the same clean

relations between variables (Table 2.3). Specifically, the homogeneous groups or

significant differences observed within each variable tended to be indicative of dif-

ferent responses based on either target distance (TP) or target width (EFF, OS,

SD). Neither of these effects have been previously seen reported in the literature to

our knowledge, especially since the target width effect is exclusive to path metrics
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that can only be reported for virtual Fitts’ Law-based tasks. The distance effect on

throughput may be due to the cap on cursor movement velocity: more distant targets

produce much lower throughput values, despite a steady relationship with movement

time. The classic conception of Fitts’ Law sees throughput as a measure of the motor

system’s information bandwidth, through which speed and accuracy can be traded

off [72]; if the subject is capable of moving the cursor faster over a long distance

than the system will allow, then there may be artificial loss of throughput. The

width effect on the path metrics suggests that, at the values currently employed,

target width has an outsize effect on the path the user takes and/or the kind of

errors the user may make while approaching the target. Smaller targets are much

easier to miss, resulting in more overshoots and less efficient paths, but also a lower

stopping distance, since stopping distance is measured from the final entry to the

target, rather than the first entry [66], [79]; larger targets provide the exact reverse

conditions. Both these phenomena should be subject to future study going forward,

to ensure a full understanding of what the Fitts’ Law cursor task is measuring.

It should be noted that the effect of target width on overshoot rate was not

nearly as strong as that observed for path efficiency and stopping distance, as can be

observed in Figure 2.3: whereas clear homogeneous groups can be seen for EFF and

SD, only a few odd significant differences could be observed were found for OS. This

is also reflected in OS mostly having stronger correlations with ID than the other

path metrics, with some showing statistical significance (Table 2.3). However, several

other comparisons between Difficulty levels showed trends that were significant for

other path metrics but were not for OS. The prevalence of p values between 0.051 and

0.100 in these comparisons, as well as in the comparison between Classifier values

for rejection and non-rejection classifiers, could suggest a lack of clear effect – or in

the latter case, over-rejection, as stated above – but might also simply suggest that

more subjects were needed for a three-factor comparison such as this.
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Chapter 3

Rejection of Systemic and

Operator Errors in a Real-Time

Myoelectric Control Task

3.1 Introduction

After decades of development, myoelectric pattern recognition (PR) control has be-

come commercially available to amputees [1], [2]. However, there remain many out-

standing challenges that limit the robustness and utility of PR [171], and therefore

the clinical adoption rate [18], [172]. The former issues may be addressed in part by

applying a rejection framework. Several rejection methods have been proposed [66],

[79], [136], [137], all of which result in the decision output being changed between

the pattern classifier and the terminal device to prevent erroneous or unintended

movements from being performed.

Rejection based on the posterior probability of a correct decision (confidence) has

been shown to improve usability in virtual tasks [79]. While some of this improve-

ment is simply due to the mitigation of erroneous contractions with low associated
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confidence, it has been speculated that rejection may also provide a certain amount

of forgiveness for improperly-performed contractions, allowing users to learn how to

consistently perform distinct contractions without having to account for unintended

activations. This, then, would mitigate the possibility of a “vicious cycle” of unin-

tended activation and overcorrection that leads to a perception of poor control, and

subsequently, device abandonment [18].

To understand how rejection affects the performance of PR control, subjects

were recruited to perform the same usability task with different levels of confidence-

based rejection. Their movement data were then analyzed to determine when and

how counterproductive movements occurred. The objectives of this study were to

determine how frequently different types of error occurred, which error types were

most affected by rejection, and whether user behavior was affected by rejection.

3.2 Methods

Twenty-four intact-limbed human subjects (25.8±3.2 years, 50% female, 92% right-

hand dominant) were recruited to participate in the study. Eight subjects had prior

experience with PR control. The experiment was carried out in accordance with the

Declaration of Helsinki and was approved by the UNB Research Ethics Board (REB

#2015-101).

3.2.1 Apparatus

Subjects were seated comfortably in a chair with armrests, facing the testing com-

puter. To record the electromyogram (EMG), eight UNB electrodes [167] were placed

equidistantly around each subject’s dominant forearm at its greatest circumference,

just distal to the elbow. The electrodes were connected to a desktop computer run-

ning a Matlab R©-based data collection program. Subjects were instructed to place
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their instrumented arm on the armrest such that they could move freely without

bumping the electrodes. The EMG signals were recording with a sampling frequency

of 1 kHz and filtered for power-line noise with third-order Butterworth notch filters

at 60, 180, and 300 Hz. The Hudgins time-domain feature set (mean absolute value,

slope sign changes, waveform length and zero crossings [32]) was computed using 160

ms windows of EMG signal, overlapped every 16 ms.

3.2.2 Protocol

After allowing the electrodes to acclimate to their skin, subjects were prompted

to provide sample contractions in four movement classes – wrist pronation, wrist

supination, chuck grip (“hand open”), and hand close – as well as no motion. Each

active motion started in a neutral, resting position, then ramped up over the course

of two seconds to a moderate intensity, to provide a more complete record of each

motion in feature space [116]. Eight sets of contractions for each class were used to

train a support vector machine (SVM) classifier, which was used for the duration of

the experiment [43].

Subjects were then presented with a virtual target acquisition task [79], in which

subjects used the previously-trained movements to control a cursor on the screen.

The objective of the task was to reach a randomly-generated target, then hold the

cursor within the target for a period of one second; failure to do so within ten seconds

would result in a failed trial. Targets were generated at one of two distances, three

sizes, and eight directions, giving 48 trials in each block. Subjects completed eight

blocks: the first was always performed without rejection, before the other seven were

performed at randomly-ordered rejection thresholds, at confidence levels between

0.50 and 0.80, at intervals of 0.05.
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3.2.3 Error Classification

An error was defined as any movement that inhibited the goal of entering, and

staying within, the target: this included all movements away from the target, and

all movements initiated within the target area after the cursor had already stopped.

This set of total errors (ETOT) was then divided into two main categories: operator

errors (EOP), which were based on observable subject behaviors, and systemic errors

(ESYS), which were presumed to be due to classification error or noise.

The operator errors were sub-categorized into three specific types, based on be-

haviors observed in previous studies [66] (Figure 3.1). The first, Overshoot (EOS),

occurred when the cursor passed straight through the target area without stopping

or changing direction. The second, Bounceback (EBB), occurred when the subject

attempted to stop, but the cursor instead “bounced” backward in the direction from

which it had come. The third, Bounceback Perpendicular (EBBP), was similar to EBB,

but saw the cursor “bounce” along the perpendicular axis instead. Any remaining

errors were classified as systemic errors.

Figure 3.1: Illustration of the three operator errors. A) Overshoot (EOS) error, in
which the subject passes through the target without stopping. B) Bounceback (EBB)
error, in which the subject attempts to stop, but the cursor moves backward instead.
C) Bounceback Perpendicular (EBBP) error, in which the subject attempts to stop,
but the cursor moves perpendicularly instead.

Because PR control may only activate one degree of freedom (DOF) at a time,

subjects would necessarily approach the target one DOF at a time (Figure 3.2).

This meant that they were prone to committing errors both at the target, and when

stopping to change directions. Therefore, the “target” was defined for the purpose

of error identification as being within the bounds of the target area in the x or y
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directions. Additionally, whereas EBB, EBBP, and ESYS were defined as beginning

and ending at a change in class (i.e., direction), EOS was defined as starting when

subjects exited the target and ending at a class change.

Figure 3.2: Illustration of typical user movement pattern in two-dimensional tasks.
First, the user moves the cursor to the right, to be in line with the target (dashed
lines). Then, the user moves upward to reach the target itself.

3.2.4 Statistical Analysis

The main variables of interest were the incidences of each error type as a proportion

of the total number of frames at each rejection level. Those values were compared

using a repeated measures ANOVA, with a within-subjects factor of Threshold (8

levels) and a between-subjects factor of Experience (2 levels). Mauchley’s sphericity

test was used to determine whether the variances of the pairwise differences between

Threshold levels were similar; if not, the Greenhouse-Geisser correction was applied

to determine main effects. The error rates at different thresholds were then compared

pairwise with the Bonferroni post hoc correction. This analysis was performed three

times in total: for the controller output (i.e., after rejection is applied), for the

user command stream (i.e., before rejection is applied), and for the rejected samples

themselves. All comparisons were deemed significant at the α = 0.05 level.
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3.3 Results

The baseline error incidence is depicted in Figure 3.3. Without rejection, 18.2%

of samples were determined to be counterproductive. Of these erroneous samples,

33.4% were classified as systemic errors (5.9% of all samples), with the remainder

being operator errors. Most operator errors were classified as some form of Bounce-

back, with slightly more moving along the perpendicular axis (EBBP) than along the

original movement axis (EBB). Overshoot errors made up a very small proportion of

the observed errors (6.0% of errors, 1.1% of all samples).

Figure 3.3: Baseline error incidence without rejection. Left: correct and erroneous
samples. Right: a detailed breakdown of error type.

Comparing error rates across rejection thresholds, a main effect of Threshold was

found for EBB, EBBP, ESYS, and ETOT rates from the controller output (Figure 3.4A).

Pairwise analysis by Threshold found that EBBP rates were significantly lower at all

rejection thresholds above 0.55 than with no rejection, while EBB and ESYS had

significantly lower rates at all rejection thresholds compared to no rejection. The

controller therefore output significantly fewer total errors at all rejection thresholds

than without rejection, and even fewer errors at all thresholds above 0.70 compared

to the thresholds at 0.50 and 0.55. No main effect was found for Experience, and no

interaction effect was found for Threshold × Experience.

When considering the actions being rejected, a significant main effect of Threshold

was found for EBBP, ESYS, and ETOT, with each of these error categories decreasing
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Figure 3.4: Error rates from (A) controller output, (B) rejected samples, and (C)
user actions, subdivided by type: EOS (black), EBB (dark grey), EBBP (light grey),
ESYS (white). Significance differences (total error only): * from no rejection; † from
0.50; ‡ from 0.55; § from 0.60.
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as a proportion of all rejected samples as rejection threshold increased. Pairwise

comparisons found that EBBP occurred less frequently at rejection thresholds above

0.75 compared to 0.50, and less frequently at all thresholds above 0.60 except 0.70

compared to 0.55. ESYS errors were less frequent at thresholds above 0.70 compared

to 0.50 and 0.55, and less frequently at 0.65 compared to 0.60. Thus, there were fewer

total errors (ETOT) at thresholds above 0.60 compared to 0.50 and 0.55, and fewer

still at 0.70 and 0.75 compared to 0.60. No main effect was found for Experience,

but an interaction effect was found for Threshold × Experience for EBBP. This was

subsequently deemed unlikely to be clinically relevant, due to a lack of a clear pattern

in the data (Figure 3.5).

Figure 3.5: Incidences of bounceback perpendicular error (EBBP) in rejected samples
from novice (solid line, circles) and experienced subjects (dashed line, triangles) at
each rejection threshold. While a significant interaction effect is observed, there is
no consistent observable trend, suggesting that it is likely a false positive.

Finally, the user command stream, prior to rejection, was analyzed to gain insight

into any behavioral effects (Figure 3.4C). While main effects of Threshold were found

for EOS, ESYS, and ETOT, only two pairwise comparisons were significant: users

produced fewer total errors at rejection thresholds of 0.50 and 0.60 compared to no

rejection. No main effect was found for Experience, and no interaction effect was

found for Threshold × Experience.
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3.4 Discussion

This study is, to our knowledge, the first to classify and directly compare error

incidence during a real-time PR control task, as well as the first to attempt to

distinguish operator and systemic error in PR. One previous study [173] investigated

operator and systemic error in three-state direct control and found that operator

error dominated the overall error signal, irrespective of efforts to control systemic

error. While the nature of errors in three-state control is different from those in PR

control, our findings do agree with those of [173]: two-thirds of the errors experienced

in the rejection-free system were classified as operator errors, with changes of only a

handful of percentage points in either direction with rejection.

Unsurprisingly, rejection significantly decreased the error rate in the final control

signal: total error was decreased by nearly two-thirds between no rejection and

thresholds above 0.70. More noteworthy is the fact that this was due to reduction

in both systemic and operator errors, even though the users did not meaningfully

change how they contracted at most rejection levels. Nearly all the operator errors

were bounceback-type errors, which occur when the user stops and/or tries to change

direction. A previous study [66] reported that subjects could reduce bouncebacks

by being coached to relax instead of “braking” their limb and trying to return it to

normal; the present results seem to affirm that these bouncebacks are, indeed, due

to braking contractions, and thus can at least partially be eliminated by rejection.

The gain in accuracy came at a price, however, as the error rate in the rejected

contractions significantly decreased with an increasing rejection threshold, meaning

that the proportion of correct samples rejected significantly increased as rejection

threshold increased. Previous offline analysis has suggested that the rate of false

rejections would increase as the rate of rejection increased [134], and while the present

results confirm this in an online setting, the false rejection rate observed in the real-

time data – over 50% at thresholds of 0.65 and greater – far exceeds that observed
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previously offline. This would suggest that the controller may be over-rejecting,

something which has been speculated to impair controller usability [66]. While the

present study does not include any usability metrics, a separate analysis of these is

ongoing.

The lack of an Experience main effect was particularly surprising, as it was

thought that more experienced PR users would elicit fewer erroneous contractions in

general. This could suggest that any learning from previous exposures to PR control

had been lost prior to this study, or that that a single experimental session – the most

common experience level of the “experienced” subjects – is insufficient to produce

meaningful learning. Alternatively, this could suggest that learning is occurring in

a way the present analysis did not capture: for example, more experienced subjects

could be better at controlling cursor velocity than inexperienced ones. This finding

demonstrates a need to further examine how PR control, and in particular PR with

rejection, is learned and internalized [174]. This will ultimately help users better

interact with their myoelectric devices, especially during the early stages of learn-

ing when users are most likely to become frustrated by a perceived lack of reliable

control.

3.5 Conclusion

In this work, both operator and systemic errors were identified in a real-time myoelec-

tric PR control task. It was determined that both types of error may be mitigated

with confidence-based rejection, but at the expense of a high false rejection rate.

Importantly, subjects produced similar ratios of error types regardless of rejection

threshold and experience level. This suggests that improvements in PR control may

not be limited to systemic error prevention, and that further benefit could be derived

by improving user performance as well.
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Chapter 4

Effects of Confidence-Based

Rejection on Usability and Error

in Pattern Recognition-Based

Myoelectric Control

4.1 Introduction

Myoelectric control of prostheses – the use of electromyographic (EMG) signals to

control an artificial limb – is a paradigm that has been under investigation for sev-

eral decades [175]. In pattern recognition (PR) control, one or more classification

algorithms are used to train a model using sample EMG data representing differ-

ent movements; this model is then used to classify subsequent movements by the

user. While PR is well-established in laboratory settings, it has only recently been

commercialized for clinical use [1], [2].

One of the main impediments to clinical adoption is the rate of erroneous move-

ments by current PR systems. When an erroneous movement occurs, the user must
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correct the error and move the prosthesis back onto its intended course. This requires

additional time, cognitive burden, and risk, as they must correctly identify and elicit

the antagonist motion to the unintended activation before resuming their planned

trajectory. This unplanned correction can lead to even more errors, creating the

potential for a vicious cycle [66]. While laboratory-based studies consistently report

low error rates during offline testing, prosthesis users nonetheless report a frustrating

lack of control, leading some to abandon their devices [18], [172].

There are many systemic factors responsible for poor control, including electrode

shift, limb position, and signal variation across days (reviewed in [171]). Solutions

have been proposed to address these issues, including adaptive algorithms [24], [38],

[62], [94], [125], [176], additional sensory modalities [83], [86], [89], [129], [131], and

alternate training protocols [41], [83], [86], [90], [96]. These approaches have all

shown various levels of promise in offline analyses and in online usability tasks [24],

[62], [94], [129], [131]. However, they also carry some potential disadvantages, such

as additional expense, design complications, and extra training load for the user. A

solution that has been shown to improve usability without additional overhead is

the rejection of uncertain movement decisions. If the device does not move when the

classification decision is unclear, there is no need for corrective action, giving the user

a better opportunity to clearly elicit their intended movement. Rejection also builds

in some tolerance to novel, unprogrammed, or otherwise unintended contractions that

would normally cause the device to activate in an unexpected manner [132], [136].

Furthermore, as a post-processing step, rejection could effectively be combined with

many of the previously mentioned solutions.

A recently-proposed method rejects movements based on the posterior probabil-

ity estimate output by a classifier, or confidence [79], and has been found to improve

real-time control in both able-bodied and amputee subjects. Further refinement of

this idea used a time-delay neural network as a supervisor layer, providing a form
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of context sensitivity [137]. Both of these studies were performed using the linear

discriminant analysis (LDA) classifier, the current de facto standard for myoelectric

control, however the confidence characteristics of the LDA are somewhat limiting.

The optimal rejection threshold for LDA was determined heuristically to be 0.97 for

able-bodied users and 0.90 for amputees [79], leaving very little range to adjust the

threshold for subjects or movements that prove problematic. Thus, a subsequent

study [134] examined the confidence characteristics of several popular classifiers to

establish whether any of them might be better suited for rejection. It was found that

the support vector machine (SVM) produced correct decisions over a wider range

of confidence values than the LDA, with the optimal rejection threshold projected

to fall between 0.60-0.70, and false rejection and acceptance rates changing much

more slowly as a function of rejection threshold. Such an expanded range of viable

confidence values would provide better opportunities to tune rejection thresholds

for different subjects or movements to produce cleaner control. This finding, how-

ever, came from offline analysis of training data, which does not bear a consistent

relationship with online usability [50]–[53], [55], [56]. The primary objective of this

study was therefore to determine what rejection threshold – or range of thresholds

– resulted in optimal usability.

Many methods to evaluate usability have been proposed, however Fitts’ Law-

style studies have recently become popular in the PR literature [53], [60], [66], [76],

[79], [80], [177]. These studies report usability in terms of throughput, a measure

of information transfer rate commonly used in the field of human-computer inter-

action that describes the motor system’s finite capacity to produce both speed and

accuracy [72]. This framework has been extended to provide further context using

additional metrics, including path efficiency, stopping distance, and overshoot [60],

[66], [76]. These additional metrics reflect different phenomena than throughput: for

example, in the case of over-rejection, one may see path efficiency improve due to
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increased rejection of erroneous movements, but throughput decline due to increased

rejection of non-erroneous movements, leading to longer trial times. What is missing

from this analysis, however, is some understanding of how well users execute specific

sub-movements. Recently, we presented a novel method for classifying erroneous

movements in a continuous, unguided decision stream [178], and examined how er-

ror rates were affected by rejection threshold. A secondary objective of this study

was therefore to extend that analysis into the Fitts’ Law-style framework and to

determine how error and usability were related.

4.2 Methods

Twenty-four able-bodied human subjects were recruited to participate in this study

(50% female, 92% right-hand dominant, age 26± 3.2 years); eight subjects reported

having prior experience with myoelectric control. Subjects gave informed consent in

accordance with the Declaration of Helsinki and was approved by the University of

New Brunswick Research Ethics Board (REB #2015-101).

4.2.1 Apparatus

Subjects were seated comfortably in an office chair with armrests, facing the testing

computer. A UNB smart electrode cuff [167] was placed around their dominant

forearm, just distal to the elbow, with the eight electrodes distributed equidistantly

around the circumference of the forearm. The cuff was connected to a desktop

computer and data collection was executed using custom Matlab software [168].

Subjects were instructed to rest their instrumented arm on the armrest so that they

could freely move their arm without disturbing the electrodes.

The EMG signals were sampled at 1 kHz and filtered for power-line noise using

3rd order Butterworth notch filters at 60, 180, and 300 Hz. The filtered signals
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were then divided into 160 ms windows at 16 ms intervals prior to the extraction of

Hudgins’ time-domain features [32].

4.2.2 Protocol

Subjects first sat quietly for several minutes to allow the electrodes to acclimate to

their skin. They were then prompted to provide two-second sample contractions for

four active motion classes – wrist pronation, wrist supination, chuck grip (“hand

closed”), and hand open – as well as a baseline no-motion class. Subjects were in-

structed to start in a neutral, resting position, then slowly increase their contraction

strength over the collection period [116]. Eight sample contractions were collected

for each class and used to train an SVM pattern classifier with a linear kernel. This

number of repetitions is greater than normally employed and not strictly necessary;

the increase improves the density of the feature space but is unlikely to have influ-

enced the SVM decision boundaries.

Once the classifier was trained, subjects were presented with a two degree-of-

freedom (DOF) virtual target acquisition task, as previously described in [66], [79].

A target was displayed on the screen, randomly selected from combinations of two

distances, three sizes, and eight directions, for 48 total trials. Using proportional,

velocity-controlled, sequential movements facilitated by the previously-trained clas-

sifier, subjects moved a cursor as quickly and accurately as possible to the target

and held it inside for one second; trials were failed if this was not accomplished

within ten seconds. The vertical axis corresponded to wrist supination (up) and

pronation (down), while the horizontal axis corresponded to hand open (right) and

close (left); the horizontal directions were reversed for left-hand dominant subjects

to avoid confusion.

The subjects performed this target acquisition task several times. First, they

completed a shortened, simplified version of the task for the sake of familiarization:
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novice subjects were allowed as much practice time as they needed to get comfortable

with the basic use of the controller. All subjects then completed a 48-trial block with

no rejection (NR) to serve as a baseline, followed by seven more blocks with rejection

threshold levels set between 0.50 and 0.80, at intervals of 0.05, presented in random

order. While previous offline work [134] estimated that the ideal rejection threshold

for SVM classification should be between 0.60 and 0.70, that range was extended

in both directions to ensure completeness. For each block, several standard Fitts’

Law-based summary statistics [53], [60], [66], [76], [79], [80], [177] were calculated.

• Movement time (MT), the time required for the subject to complete each trial.

• Throughput (TP), the classic Fitts measure of information bandwidth required

by a task, based on the tradeoff between movement speed and accuracy [72].

• Path efficiency (EFF), a measure of how close the subject’s traveled path was

to the ideal path.

• Overshoot (OS), the number of times, per trial, the subject exited the target

after entering it.

• Stopping distance (SD), how far the cursor travelled while the subject at-

tempted to stop, measured from the final entry to the target.

• Trial completion rate (COMP), the number of trials completed out of the total

number attempted.

4.2.3 Error Classification

An error was defined as any movement that inhibited the goal of entering and staying

within the target [178]: this included all movements away from the target, and all

movements initiated after the subject had already stopped within the target. This

set of total errors (ETOT) was then divided into two main categories:
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1. Operator errors (EOP), user-generated mistakes in accomplishing the task.

These were defined based on common errors observed while transitioning or

stopping.

2. Systemic errors (ESYS), which made up the remainder of the errors, were as-

sumed to be due to classifier limitations or noise, and therefore beyond the

influence of the user.

Figure 4.1: Illustration of the three operator errors. A) Overshoot (EOS) error, in
which the subject passes through the target without stopping. B) Bounceback (EBB)
error, in which the subject attempts to stop, but the cursor moves backward instead.
C) Bounceback Perpendicular (EBBP) error, in which the subject attempts to stop,
but the cursor moves along the opposite DOF instead.

Three commonly-observed operator errors are illustrated in Figure 4.1. Because

the task is sequential and unconstrained, each of these errors could occur at any given

time, not just at the end of the movement. However, because subjects completed

the task one DOF at a time (i.e., choosing to reach the target area horizontally first,

then vertically, or vice versa), it was possible to define errors according to changes

in output class and cursor position relative to the target area in the x or y direction.

This allowed errors to be detected during both transitions and stops, as well as

during rejected movements.

1. Overshoot error (EOS) was defined as when the cursor passed through the

target area and out the other side.

2. Bounceback error (EBB) was defined as a sudden class change during deceler-

ation that moved the cursor backward along the same DOF.
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3. Bounceback Perpendicular error (EBBP) was defined as a sudden class change

during deceleration that moved the cursor along the perpendicular DOF.

While the two Bounceback error types are described separately, both are pre-

sumed to occur when the subject performs “braking” contractions at the end of a

movement instead of relaxing their muscles. Because the activations for each Bounce-

back type likely differ, however, it is possible that EBB and EBBP may be affected

differently by rejection. Additionally, while EBB, EBBP, and ESYS were defined in

terms of class changes at any point during the trial, EOS was defined as starting

when the subject exited the target and ending with a class change.

4.2.4 Statistical Analysis

To meet the first aim of this study, performance for each block of target acquisition

trials was compared using a repeated measures analysis of variance (RM-ANOVA),

with a within-subjects factor of Threshold (8 levels) and a between-subjects factor of

Experience (2 levels); Experience was included as a factor to ensure that the disparity

in experience levels between subjects did not affect the comparisons of interest.

Mauchley’s sphericity test was used to determine whether the variances of each

pairwise difference between Threshold levels were similar; if not, the Greenhouse-

Geisser correction was applied. Pairwise comparisons were subsequently calculated

across Threshold levels with a Bonferroni post hoc correction. All comparisons were

considered significant at the α = 0.05 level.

To meet the second aim of this study, the same RM-ANOVA was run for all error

measures. Specifically, the total error rate in the output decision stream and the

rate of each error subtype were compared across the same Threshold and Experience

levels as before. Additionally, the rate at which erroneous and correct actions were

rejected was compared with a separate RM-ANOVA by Threshold (7 levels) and

Experience (2 levels). In this comparison, Threshold had one fewer level because
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it could not include a NR condition. Finally, to establish which error types might

influence usability, the error rates in the output stream were compared to the Fitts

metrics by a two-tailed Pearson correlation.

4.3 Results

4.3.1 Fitts’ Law Analysis

Figure 4.2 illustrates the changes in each Fitts metric due to rejection threshold. A

significant main effect of Threshold was found for all six measures (p < 0.01). Pair-

wise comparisons for MT, TP, and EFF found that all rejection thresholds produced

significantly different values from NR; for OS, only thresholds of 0.60 and 0.70-0.80

were significantly better than non-rejection. For SD, only 0.70-0.80 were significantly

different from NR. Additionally, TP was significantly higher for thresholds of 0.60-

0.75 compared to 0.50; EFF was significantly greater at 0.70-0.80 compared to 0.50;

and SD was significantly lower at 0.70-0.80 compared to 0.50, and at 0.70-0.75 com-

pared to 0.55. For COMP, no pairwise differences were found. For the main effect of

Experience, significant differences were found between novice and experienced users

for MT and TP (Figure 4.3). No interaction effects of Threshold × Experience were

found.

4.3.2 Error Rates

The error rates for accepted movements are illustrated in Figure 4.4A. Significant

main effects of Threshold were found for all error variables. Pairwise comparisons

for EBB, ESYS, and ETOT found significant differences at all rejection thresholds

compared to NR, whereas EBBP was different from NR only at thresholds above

0.55. In total, fewer errors occurred above 0.70 compared to 0.50, and above 0.65

compared to 0.55. No main effects of Experience or interaction effects of Threshold
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Figure 4.2: Fitts summary statistics with respect to rejection threshold: (A) move-
ment time; (B) throughput; (C) path efficiency; (D) overshoot; (E) stopping distance;
(F) completion rate. Black lines show the data means; shaded grey areas represent
95% confidence intervals. Significance markers: * significant difference from no re-
jection; † significant difference from 0.50; ‡ significant difference from 0.55.

× Experience were found.

The error rates for rejected movements are illustrated in Figure 4.4B. Main effects

of Threshold were observed for rates of EBBP, ESYS, and ETOT, all of which decreased
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Figure 4.3: Comparison of usability outcomes for experienced (triangle) and inexperi-
enced (circle) subjects: (A) movement time; (B) throughput. Error bars (single-sided
for visual clarity) represent standard error of the mean.

with Threshold. Specifically, errors made up a lower proportion of rejected samples at

thresholds above 0.60 compared to 0.50 and 0.55, and lower still above 0.75 compared

to 0.60. No main effect of Experience was observed. A significant interaction effect

of Threshold × Experience was found for EBBP, though it was not clinically relevant.

EOS EBB EBBP ESYS ETOT

MT 0.124 -0.009 0.189† 0.501* 0.303*
TP -0.013 0.084 -0.095 -0.390* -0.176‡

EFF -0.641* -0.396* -0.712* -0.805* -0.868*
OS 0.619* 0.479* 0.598* 0.378* 0.666*
SD 0.456* 0.498* 0.509* 0.402* 0.629*

COMP -0.386* -0.119 -0.435* -0.650* -0.549*

Table 4.1: Linear correlations between Fitts metrics and error rates. Values are
Pearson’s correlation coefficient r. Significance markers: * – p < 0.001; † – p < 0.01;
‡ – p < 0.05.

The correlations between Fitts metrics and error rates are summarized in Table

4.1. Whereas MT and TP had a few weak correlations with operator error rates, EFF,

OS, SD, and COMP correlated strongly with nearly all error rates. Furthermore, all

Fitts metrics correlated strongly with both systemic and total error, apart from TP,

which only weakly correlated with ETOT.
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Figure 4.4: Total error rates for (A) accepted, and (B) rejected movements, sub-
divided by type: EOS (black), EBB (dark grey), EBBP (light grey), ESYS (white).
Significance markers (ETOT only): * significant difference from no rejection; † signif-
icant difference from 0.50; ‡ significant difference from 0.55; § significant difference
from 0.60.

4.4 Discussion

One of the essential problems facing pattern recognition-based control is that a clas-

sifier must necessarily force every pattern it encounters into one of the categories it

has been trained to recognize, even if it bears little statistical resemblance to any of

them. While classifiers can be trained to recognize additional, non-productive move-

ments and ignore them as appropriate [132], [136], this is an impractical approach for

real-world use. By contrast, rejection allows the classifier to account for unfamiliar

movements and random noise without any additional information. This is affirmed

by the present study: all Fitts summary metrics were improved significantly with

any level of rejection compared to NR, while systemic error – representing misclas-

sifications and noise – decreased significantly across the board. This, along with the

finding that systemic error rate was the only one to correlate strongly with all Fitts

metrics, including throughput, suggests that an important aspect of the usability

gain was the simple reduction in noisy, unfamiliar, or otherwise easily misidentified

classifications.

By contrast, while operator errors were also reduced with rejection compared to
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NR, they correlated weakly if at all with MT and TP, the two metrics most directly

used to compare the usability of a controller using different classifiers, features, re-

jection thresholds, and so forth. This finding therefore suggests that user-generated

behavioral errors don’t strongly affect the usability comparison between these differ-

ent classification conditions. Furthermore, while less experienced subjects produced

lower TP values across the board, the trend with respect to rejection threshold was

the same as that observed with the more experienced users (Figure 4.3). These

findings together reinforce the validity of Fitts throughput as a measure of classifier

controllability. Indeed, this finding mirrors previous studies showing that able-bodied

and amputee subjects – the latter of whom have fewer and more limited control sites

– experience similar changes in accuracy [132] and usability [79] across different clas-

sification conditions. Virtual usability has previously served as the testbed for ideas

later applied to prosthetic control [52], and very recent work has found direct correla-

tions between virtual task performance and the usability of physical prostheses [71],

meaning that these findings should in turn translate to future work with amputees

and prosthetic limbs.

While throughput improved across the board with rejection, it peaked at thresh-

olds of 0.60-0.75, as predicted in [134]. Many subjects reported difficulty completing

the task at the 0.80 rejection threshold, often finding that the controller was slug-

gish or failed to start. By contrast, the path-based metrics – EFF, OS, and SD

– reached their best values at thresholds above 0.70. This is reflected in the error

analysis: while errors continued to be suppressed by the rejection mechanism as the

threshold increased, the rate at which correct decisions were falsely rejected increased

much faster. This over-rejection likely produced the decrease in usability observed

at high rejection thresholds even as the path metrics continued to improve. Whereas

throughput reflects an overall ability to swiftly and correctly perform the task, the

path metrics essentially serve as a form of online accuracy, and are more directly
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affected by error rate (Table 4.1). Thus, not only does offline accuracy not relate

to usability, as previously established [50]–[53], [55], [56], but it appears that online

accuracy has a limited relationship, as well.

Further to this, MT and TP were the only Fitts metrics to be affected by Expe-

rience. While superficially this would appear to be obvious – get more experience

with a task, do it faster and better – it’s not entirely clear how this occurs since only

systemic error, and not operator error, correlated with these measures. Moreover,

the path-related metrics, completion rate, and all error rates, were also unaffected

by Experience. This suggests that some other behavioral adaptation is taking place:

given the differences observed in MT and TP, more experienced subjects are likely

better at controlling the system at higher speeds than novice subjects. This in turn

may imply the development of a stronger internal model [155], [159], [162], [179] of

the control task, though the present data cannot strongly affirm this.

The range of viable thresholds is a positive result which presents a clear argument

that SVM produces a more forgiving classifier than LDA. This then opens up several

potential avenues for future investigation which would have been considerably more

difficult previously. One possibility would be to incorporate more data into the

rejection decision. Currently, each rejection decision is made independently of the

overall decision or confidence stream, which updates much faster than is possible for

the human motor system [44]. It has been demonstrated that a time-delay neural

network, informed by training data classification outcomes, was able to produce more

accurate classification and error prevention than rejection alone [137]. Combining a

temporal approach with the more robust confidence characteristics of the SVM and

a richer set of observations (e.g., the characteristics of an operator error) could then

further improve upon this approach. It could be possible to predict and immediately

reject an operator error as it starts to occur, instead of responding to it on a sample-

by-sample basis. Beyond the scope of the errors observed in the present study,
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there may also be time series for which it proves more advantageous to reject to

the previous motion, instead of no motion. Furthermore, rejection may also benefit,

and benefit from, one or more of the other avenues of improvement listed in §4.1:

for example, additional information from inertial or visual sensors could help clarify

whether a subject is likely to be changing motions or stopping altogether, preventing

spurious “jumps” like the Bounceback errors observed here.

4.5 Conclusion

This study has found that confidence-based rejection improves usability outcomes for

support vector machine-driven myoelectric control, particularly at rejection thresh-

olds between 0.60 and 0.75. Several characteristic operator errors were identified

within the movement data, as were other systemic errors. These operator errors

were each affected by rejection in distinct ways, both from each other and from the

systemic errors; cumulatively, rejection reduced nearly all types of error in some

fashion. This work has also demonstrated how over-rejection occurs at high thresh-

olds: the proportion of errors within the rejected movements decreased as threshold

increased, meaning that more false rejections were occurring overall. By contrast,

very few differences in performance due to experience could be identified, suggesting

that learning effects in a myoelectric PR task do not necessarily mean fewer errors,

and certainly not that alone. Indeed, it appears that subjects also gain the ability

to maintain control at higher speeds within the task, affecting performance in a way

that has not been well-captured to this point.
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Chapter 5

Rejection Improves Myoelectric

Control Without Affecting

Internal Model Development

5.1 Introduction

Myoelectric pattern recognition (PR) is a familiar control paradigm in the field of

assistive and rehabilitative electronics and robotics. It is most commonly associated

with the control of prosthetic devices [175], for which it has recently been commercial-

ized after decades in the lab [1], [2]. However, PR has a wide range of other potential

applications and target populations, having been applied to human-computer inter-

faces [180], exoskeleton control [181], [182], and other manipulative robots [58], [59],

[121]. It has also been found to work with clinical populations not previously ex-

pected to benefit from muscle-activated technologies, such as stroke [69], [182], [183]

and spinal cord injury patients [181].

With such a diverse range of applications, it is necessary to provide robust con-

trol across a wide range of conditions as efficiently as possible. Several different

64



approaches have been shown to potentially improve online usability, including the

use of adaptive algorithms [24], [62], [94] and the incorporation of additional sen-

sory modalities [129], [131], however the simplest of all may be rejection [66], [79],

[137], [184]. Rejection, in which a movement decision is overridden if the classifier

is not sufficiently “confident” in its decision, has been shown to improve usability

for both amputee and able-bodied populations, and reduce the incidence of errors

in the output stream. More recent work [178], [184] suggested that, contrary to pre-

vious assumptions, rejection did not seem to affect user behaviour, recommending

a follow-up study focused directly on understanding how rejection affected the way

users interacted with, and internalized, PR control.

To accomplish this, it was necessary to evaluate how users formed internal models

– representations of a task or movement pattern in the brain that enable the body

to reliably predict sensorimotor outcomes [156] – of PR control. These allow users

to apply feedforward (or open-loop) control to the task, which typically operates

much faster than feedback (or closed-loop) control. Sensory feedback is then used to

reinforce or modify the internal model, depending on how well the model predicted

the outcome of the movement, with some amount of “maintenance” feedback being

necessary to maintain the internal model and prevent decay [158]. A recent study,

in which able-bodied subjects used a bypass prosthesis with vibrotactile feedback

to manipulate objects under different control circumstances, serves to demonstrate

these principles [159]. In the baseline condition, the vibrotactile feedback proved

superfluous because the subjects’ internal models provided sufficient control of their

grip forces for the task. Once feedforward uncertainty (in the form of randomized

control delay) or feedback uncertainty (in the form of visual obscurity) were intro-

duced, however, the subjects were no longer capable of exerting the correct forces to

complete the task without the vibrotactile feedback. In the former case, this could

be attributed to poor feedforward control, whereas in the latter, a lack of reinforc-
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ing feedback, or inability to identify the object, could have led to impaired internal

model use.

More recent studies using classification and regression approaches [162], [163]

have illustrated how different types of feedback can affect internal model strength

and usability. While discrete classification was found to be easier for users to control

than regression because it offered a range of forgiveness within class boundaries, they

learned regression more readily because of its inherently richer feedback. However,

if this rich regression control information was provided back to a classifier user via

an alternate feedback method – in this case, audio – both performance and learning

could be improved. Thus, it was demonstrated that the weakened learning effect

of classification was due to the loss of information from regression caused by the

discretization of the control space.

An ideal myoelectric control system should be easy to learn, i.e., form strong

internal models, while remaining robust to potential errors and simple to control,

something that rejection excels at. There is a clear parallel here between this objec-

tive and that of Shehata et al. [162], [163], in that rejection also removes information

from the output stream for the sake of improving control, by halting movement when-

ever an unclear decision is reached. However, this process also reduces the feedback

to the user – the “true” class decision resulting from their contractions is obscured –

meaning that it could also make learning the PR controller more difficult. Thus, an

experiment was devised to determine whether this truly occurs, with the hypothesis

that rejection would cause internal model development to be impaired.

5.2 Methods

Twenty-four able-bodied human subjects were recruited to take part in the study

(13 female, 21 right-hand dominant, age 27 ± 3.9 y), and gave informed consent in
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accordance with the Declaration of Helsinki. This study was assessed and approved

by the University of New Brunswick Research Ethics Board (REB #2015-101).

5.2.1 Apparatus

As shown in Figure 5.1, subjects were seated comfortably in an office chair fac-

ing a desktop computer, with their dominant forearm inserted between two padded

posts to minimize unnecessary movements. Electromyographic (EMG) signals were

recorded from this arm using eight UNB Smart Electrodes [167], placed equidis-

tantly about the forearm, just distal to the elbow. These signals were recorded by

the computer using a custom-made Matlab R© program [168].

Figure 5.1: The experimental apparatus. Note that the subject’s arm has been
constrained to minimize undesired movement.

The EMG signals were sampled at 1 kHz, then filtered to remove power-line

noise using 3rd order Butterworth notch filters at 60, 180, and 300 Hz. Hudgins’

time-domain features [32] were then extracted from the filtered signals over 160 ms

windows at intervals of 16 ms.
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5.2.2 Protocol

5.2.2.1 Classifier

Subjects sat quietly for a short period to allow the electrodes to acclimate to their

skin. They were then prompted to provide sample contractions across two degrees of

freedom (DOFs): wrist flexion/extension (FLX/EXT) and wrist abduction/adduc-

tion (ABD/ADD). The training prompt is illustrated in Figure 5.2: for each DOF,

two seconds of resting data were collected before the subjects were prompted to move

back and forth twice in each direction, in time with a moving cursor, over the course

of ten seconds, with no feedback provided. This was done a total of six times to

produce the training data set, which was used to train a support vector regressor

(SVR). One model was created for each DOF, with the resting data assigned to 0

and the active data regressed using the movement prompt values from −1 to +1 as

targets. During the experimental task, the SVR output was filtered to output only

the most active DOF, i.e., the one with the highest absolute value. This method has

previously been used in studies of internal model formation in myoelectric control,

and been shown to behave functionally like a classifier [162], [163], [174]. In this

way, the filtered SVR output behaved as a classifier, activating only the single most

prominent motion.

Figure 5.2: Training screen for DOF-based training. Subjects alternated between
antagonist contractions within the same degree of freedom in time with a moving
red block cursor; the data collected using this prompt is then used to train the
regression algorithm.

Half of the subjects were additionally presented with a novel rejection protocol

based on the Mahalanobis distance between their current movement features and
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their training data clusters. The Mahalanobis distance is a generalized distance

measure that accounts for the variances of data clusters [185]: for an observed feature

vector ~x, the squared Mahalanobis distance d2k to each motion class k would be

calculated as

d2k = (~x− ~µk)TΣ−1k (~x− ~µk), (5.1)

where ~µk is the centroid of class k in feature space, and Σk is its covariance matrix.

Mahalanobis distance was chosen as the basis for rejection to avoid both the overhead

of running a parallel classifier, and to mitigate the possibility of a secondary classifier

producing boundaries that interfere with the regressor and confound control. A

distance-based confidence, by contrast, should interact more harmoniously with a

regressor, and require essentially no additional computational overhead.

To produce a confidence measure akin to those used in previous studies [79],

[134], [137], [184], the squared Mahalanobis distance was first inverted and squared

again, thus raising dk to the negative fourth power, to produce a Mahalanobis score,

Mk, which would be maximal for the nearest class (5.2). This fourth-order score

was found to produce a smoother and more reliable confidence measure than simply

inverting the squared distance produced by the formula in (5.1). The Mahalanobis

score was then normalized by the sum of the scores for all n movement classes to

produce the Mahalanobis confidence, Ck (5.3).

Mk =
1

d4k
(5.2)

Ck =
Mk
n∑
i=1

Mi

(5.3)

Pilot work evaluated a range of confidence thresholds and found that 0.50 was

the most comfortable and usable one for the most subjects, therefore it was the one

69



used for the remainder of the study.

5.2.2.2 Experimental Task

Once the SVR was trained, subjects were given two minutes to move freely around a

blank screen, so they could develop a basic comfort level with the control scheme and

ensure that they were able to activate both DOFs reliably and comfortably. Based

on the setup depicted in Figure 5.1, the cursor moved up and down using ABD and

ADD, respectively, and left and right using FLX and EXT; left-handed subjects had

their leftward and rightward movements reversed to maintain an intuitive control

scheme. Once subjects were comfortable with the basic control, they were presented

with the main experimental screen; the right-handed version is shown in Figure 5.3A,

with the left-handed version simply being mirrored. This setup was adapted from

the 2-DOF Fitts’ Law Task used in previous experiments [66], [79], [184], but was

constrained to force subjects to follow a specific path toward a target in a constant

position to enable internal model analysis.

In all tasks, the subject was required to move a circular cursor through a rect-

angular “pipe” structure using EXT, then up through the gap at the far end of the

pipe (“gate”) using ABD; FLX and ADD were unused unless an error was made.

Subjects were encouraged to get as close to the centre of the gate – indicated by the

black line running down the middle of the gate – as possible before exiting, and given

verbal encouragement if they got particularly close to it during a task. Importantly,

subjects were provided no visual feedback about cursor position while the cursor was

within the pipe; feedback was only provided once the cursor exited through the top

of the gate. This setup therefore necessitated a blinded, but controlled, transition

from one class to another. Thus, subjects were required to develop an understand-

ing of the cursor controller based exclusively on their own internal model of how the

timing and intensity of their contractions related to the final cursor position. Within
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this experimental framework, three different subtasks were evaluated:

1. Adaptation Task. In this task, once the subject exited through the gate, the

pale grey rectangle above the pipe changed into a smaller, red box centred

above the cursor’s exit point (Figure 5.3B). The subject would then need to

enter, and stop within, this target for 0.25 s. This needed to be done within

10 s in order for the task to be considered complete. If the subject failed to exit

through the gate, the task was marked a failure, and they were not presented

with a target to reach. Re-entry into the pipe was also considered a failure.

Subjects performed 48 trials of this task.

2. Control Noise Task. In this task, subjects simply tried to exit the pipe, with no

intended target. However, instead of receiving feedback on their exit position

every trial, as in the previous task, they received feedback every fourth trial,

starting with the first. The purpose of this approach was to test the subjects’

retention of their internal model, and their ability to repeatably execute the

same movements with as little maintenance feedback as possible [158]. Subjects

performed 64 trials of this task.

3. Just Noticeable Difference (JND) Task. The JND is a two-alternative forced-

choice task designed to determine the smallest external perturbation to the

control feedback that a subject can distinguish from a self-generated error. In

this task, subjects were presented with two back-to-back trials (a trial pair):

in one, they were given true feedback, while in the other, they were given

perturbed feedback. They were then required to identify which trial was per-

turbed. The level of perturbation applied to each trial was based on an adaptive

staircase model, previously applied by Shehata et al. [162] in their experiment,

which quickly converges upon the JND. After running trial pair n, the model
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A

B

Figure 5.3: The constrained 2-DOF task. A) Subjects moved the cursor (bottom
left) through the “pipe” (green structure at bottom), out of the “gate” (gap at the
top of the pipe) as close to the midline as possible (black line through the gate), then
up toward the target (grey block at middle). B) For the adaptation task only, once
the subjects exited the pipe, the target became a red square, which the subjects had
to enter and stop within; the pipe turned grey to discourage re-entry.
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calculates the next trial’s perturbation level Cn+1 using the formula

Cn+1 = Cn −
S(Zn − φ)

Nrev + 1
(5.4)

where Cn represents the current perturbation level (C1 = 60), S represents

the base step size (for this experiment, 30), Zn is a binary variable indicating

whether the subject correctly (1) or incorrectly (0) identified the perturbation,

φ is the accuracy variable (0.84, based on previous literature [186], [187]), and

Nrev represents the number of reversals, the total number of changes in state

between correct and incorrect.

For this work, the perturbation was always in the EXT direction, i.e., rightward

for right-handed subjects or leftward for left-handed subjects, a fact that was

emphasized to the subjects repeatedly before the test began. Unlike the previ-

ous two tasks, there was no fixed number of trials for the JND test; instead, the

task was terminated when subjects reached 23 reversals. This typically took

between 15 and 25 minutes, making the JND the longest of the three tasks.

5.2.3 Data Analysis

All data were analyzed offline using custom-written Matlab R© scripts. There were

two major components to the data analysis: the Fitts’ Law component, and the

internal model component.

5.2.3.1 Fitts’ Law Analysis

As has been described previously [66], [79], [184], Fitts’ Law analysis of a virtual

cursor control task applies the fundamental principle of Fitts’ Law – that there is

an inherent trade-off between the speed and accuracy of motor control [72] – and

expands it to include metrics relating to the path taken [60], [76]. Briefly, the metrics
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used in this Fitts’ Law analysis were:

1. Movement Time (MT): The time from the first movement of the cursor to the

last, specifically excluding the user’s reaction time and the prescribed dwell or

stopping time.

2. Throughput (TP): The classic Fitts’ Law measure of the speed-accuracy trade-

off for the given task, expressed as an information transfer rate in bits/s [72].

3. Path Efficiency (EFF): A measure of how close the subject’s path was to the

ideal one.

4. Overshoot (OS): The number of times the subject left the target after first

acquiring it.

5. Stopping Distance (SD): The distance travelled by the subject after last ac-

quiring the target.

6. Completion Rate (COMP): The rate at which subjects completed the assigned

goals of the task. Note that the other five metrics were calculated only for

completed trials.

Because the adaptation trials had two distinct periods – one where the cursor

was hidden and one where it was visible – the Fitts’ Law analysis was run not only

on the completed trials, but on those two smaller portions of the trials as well. This

allowed any distinct trends between the hidden- and visible-cursor portions of the

adaptation trials to be tested separately, and facilitated possible explanations for

any potential anomalies in the full-trial data. For the hidden-cursor portion of the

task, the area of the pipe corresponding to the gate was considered to be the target;

trials were considered complete if the subject correctly exited the pipe through the

gate, and all measurements were terminated at the gate. For the visible-cursor
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portion of the task, the target was the same as for the full trial, but movement time

and path metrics started from the gate instead of the origin, and completion rate

was measured with respect to the number of targets attempted, i.e., the number of

successful hidden-cursor tasks.

5.2.3.2 Internal Model Analysis

The strength of the user’s internal model was identified using the outcome measures

of each experimental task, described briefly below.

1. Adaptation Coefficient. The coefficient of subject adaptation to self-generated

errors was calculated from all trials during the adaptation task using a previ-

ously established process [159], [161]–[163], [174]. The error in each trial ei was

plotted against the difference between ei and the error in the succeeding trial

ei+1, i.e., the correction made by the subject between trials. A regression line

was then calculated, with the adaptation coefficient β1 found from its equation

ei+1 − ei = β1ei + β0, (5.5)

where β0 is the intercept of the regression line. For this evaluation, a value

of β1 = −1 represents perfect adaptation; slopes steeper than −1 represent

overcorrection, while slopes shallower than −1 represent undercorrection.

2. Control Noise. The control noise, or control error (CE), was the mean self-

generated error committed by the subject during trials that were not preceded

by those with endpoint feedback; the first trial was additionally excluded, as a

likely outlier.

CE =

∑
k

ei

Nk

, k = {i : 2 ≤ i ≤ N ; i mod 4 6= 1} (5.6)
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Where k is the reduced set of trials, mod is the modulo operator, ei represents

the trial error, N is the total number of control noise trials (i.e., 64), and Nk

represents the total number of trials within the reduced set. Restricting the

analysis to the set described above focused specifically on the subject’s ability

to reliably reproduce control signals without reinforcing or corrective feedback

[158].

3. Just Noticeable Difference. The JND was taken directly as the perturbation

value Cn from the last trial of the JND task, i.e., the one at which the subject

recorded their 23rd reversal [162], [163]. By definition, this is the perturbation

value that the subject can just barely discern from a self-generated error.

5.2.4 Statistics

All three sets of Fitts’ Law statistics (i.e., for the whole trial, for the hidden-cursor

portion, and for the visible-cursor portion), and all internal model metrics, were

compared between rejection (R) and non-rejection (NR) subjects using a one-way

analysis of variance (ANOVA). Additionally, the internal model parameters and self-

generated user error values were correlated with the rejection rates observed for each

respective task (i.e., the number of rejected frames as a percentage of all frames).

This correlation was performed to establish whether the rate of rejection experienced

by the rejection subjects had any effect on their ability to learn the controller. All

comparisons were considered significant at the α < 0.05 level.
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5.3 Results

5.3.1 Fitts’ Law Analysis

The results of the Fitts’ Law analysis of the full adaptation trial are contained

in Table 5.1. It was observed that all Fitts metrics except OS were significantly

improved with rejection. Although OS did not improve by a statistically significant

margin, it was reduced to zero for all subjects, which is clearly a meaningful result.

The results of the adaptation task analysis are separated into their hidden-cursor

(Table 5.2) and visible-cursor (Table 5.3) components. Considering first the hidden-

cursor period, rejection significantly improved the path metrics – EFF, OS, and SD

– but did not improve the usability metrics – MT, TP, or COMP. Conversely, during

the visible-cursor period, rejection improved all three usability metrics, but of the

path metrics, only SD was significantly improved. Note that the values of OS and

SD for the whole trial and the visible-cursor portion thereof were the same, because

in both cases they measured the same phenomena at the same target.

Metric NR R p
MT 6.65 (0.484) 5.27 (0.253) 0.018*
TP 0.421 (0.0359) 0.517 (0.0225) 0.033*

EFF 85.0 (3.55) 98.9 (0.418) 0.001*
OS 0.104 (0.0900) 0.000 (0.000) 0.241
SD 24.3 (1.08) 15.8 (0.698) < 0.001*

COMP 0.344 (0.0656) 0.573 (0.0403) 0.007*

Table 5.1: Fitts’ Law metrics for the complete adaptation trials, comparing results
from users without rejection (NR) to users with rejection (R). Values reported as
mean (standard error; SE); * denotes statistical significance.

5.3.2 Internal Model Analysis

The internal model parameters are summarized in Table 5.4. Whereas all of the Fitts’

Law metrics were improved by rejection for at least some portion of the adaptation
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Metric NR R p
MT 3.84 (0.281) 3.49 (0.193) 0.319
TP 0.583 (0.0522) 0.615 (0.0285) 0.598

EFF 85.9 (2.66) 95.9 (0.710) 0.002*
OS 0.125 (0.0513) 0.000 (0.000) 0.024*
SD 48.2 (2.46) 40.1 (1.51) 0.010*

COMP 0.523 (0.0343) 0.576 (0.0400) 0.319

Table 5.2: Fitts’ Law metrics for the hidden-cursor portion of the adaptation trials,
comparing results from users without rejection (NR) to users with rejection (R).
Values reported as mean (SE); * denotes statistical significance.

Metric NR R p
MT 2.71 (0.359) 1.50 (0.108) 0.003*
TP 0.733 (0.0854) 1.20 (0.0763) 0.001*

EFF 99.8 (0.107) 100.0 (0.000) 0.136
OS 0.104 (0.0900) 0.000 (0.000) 0.241
SD 24.3 (1.08) 15.8 (0.698) < 0.001*

COMP 0.642 (0.114) 0.993 (0.0157) 0.005*

Table 5.3: Fitts’ Law metrics visible-cursor portion of the adaptation trials, com-
paring results from users without rejection (NR) to users with rejection (R). Values
reported as mean (SE); * denotes statistical significance.

task, none of the internal model metrics were significantly affected by rejection:

subjects in both groups had adaptation coefficients very close to −1, and near-

identical CE and JND values. The variability of the CE and JND did increase with

rejection, however Levene’s test of homogeneity of variances showed no significant

differences between the two groups for any metric.

Metric NR R pANOVA pLevene
β1 -1.04 (0.0689) -1.05 (0.0542) 0.908 0.641
CE 23.4 (2.66) 25.7 (3.67) 0.619 0.093

JND 37.1 (3.94) 39.9 (5.28) 0.685 0.176

Table 5.4: A comparison of internal model parameters between subjects without re-
jection (NR) and with rejection (R), with significances reported for both the ANOVA
and Levene’s test of homogeneity of variances. Values reported as mean (SE). β1 –
adaptation coefficient; CE – control error; JND – just noticeable difference.
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5.3.3 Rejection Rates

Figure 5.4 illustrates the correlations between the three internal model metrics – β1,

CE, and JND – and the rate of movement rejection during their corresponding tasks

– adaptation, control noise, and the JND task, respectively. Table 5.5 supplements

this with the Pearson correlation coefficients between the internal model metrics and

the rejection rates, as well as those between the mean errors for the adaptation and

JND tasks and their respective rejection rates. Of these comparisons, only JND

showed a significant correlation with its corresponding within-trial rejection rate, as

subjects experiencing more rejection produced higher JND values. There were also

trends toward higher values of β1 with higher rejection rates (i.e., worse adaptation,

as this would produce slopes shallower than −1) and higher control noise task errors

with higher rejection rates (also worse), but neither of these were significant. Finally,

neither adaptation nor JND error rates were significantly related to their respective

within-trial rejection rates.

Correlation r p
β1 vs. Adaptation Task Rejection Rate 0.525 0.080

CE vs. Control Noise Task Rejection Rate 0.532 0.073
JND vs. JND Task Rejection Rate 0.638 0.026*

Adaptation Error vs. Task Rejection Rate 0.271 0.394
JND Error vs. Task Rejection Rate 0.478 0.116

Table 5.5: Pearson correlations between internal model metrics and the rejection
rates experienced by subjects during their respective trials. β1 – adaptation coef-
ficient; CE – control error; JND – just noticeable difference; * denotes statistical
significance.

5.4 Discussion

The motivation for this study was that, although rejection has been found to improve

usability, it was unknown whether it would impair a user’s ability to form strong

internal models of the PR control system. As expected, subjects demonstrated a
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Figure 5.4: Scatterplots with lines of best fit between internal model metrics and the
rejection rates from their corresponding tasks. A) β1 vs. adaptation task rejection
rate; B) control error vs. control noise task rejection rate; C) just noticeable difference
vs. JND rejection rate.

80



clear improvement in their cursor control throughout the adaptation task, however

their ability to form an internal model remained effectively unimpaired. This is a

somewhat unexpected, but unquestionably positive result, and further emphasizes

the value of a well-tuned rejection protocol as a simple but effective form of error

prevention. The question then becomes: why did rejection allow unimpeded model

formation, where previous control-enhancing filters did not [162], [163]?

In previous studies, the raw regression output was filtered to mimic that of a clas-

sifier, removing the second DOF to allow for easier control. This continuous filtering

of the output, however, prevented the user from seeing when they were starting to

deviate too far from their intended movement. Thus, when the output suddenly

changed, they were caught by surprise because they had no way of anticipating it.

By contrast, when information is removed from the output stream by rejection, it

is because the decision is already ambiguous, likely the result of confusion between

classes, noise, or some other untrained or erroneous movement [132], [184]. Removing

this low-quality information is therefore likely not as problematic, since it would, in

effect, be providing information about the limitations of the classifier’s own training.

Put another way, the rejection may remove what would otherwise be confounding

feedback due to unintended or extraneous information. While it is tempting to at-

tribute some potential sentinel effect to rejection – seeing the cursor stop triggering

a change in user behaviour – previous work suggests that this is unlikely [178].

There does, however, appear to be some small relationship between rejection rate

and user learning: users who experienced higher rates of rejection tended to produce

weaker values of the directly-measured internal model metrics (Figure 5.4, Table

5.5). This is most likely due to some subjects experiencing over-rejection: it has

previously been demonstrated that, with excessive rejection, a majority of rejected

decisions are likely to be false negatives [184]. While the level of rejection experienced

here did not impair usability (Tables 5.1-5.3), it may have been enough to have the
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slight effect on internal model formation that was observed. While all subjects who

used rejection were assigned the same rejection threshold for the sake of consistency,

some subjects did find it harder to consistently activate one movement or another,

thus taking much longer to establish basic control. Although a previous study [184]

found that there was a wide range of equally viable rejection thresholds for SVM

confidence-based rejection, the present work employed a Mahalanobis distance-based

rejection scheme, which may have a more limited window of viability.

It is noteworthy that the usability improvements reported in Tables 5.1-5.3 came

from this entirely novel rejection paradigm. To our knowledge, this is the first

time a rejection algorithm based on a feature-space distance measure, as opposed

to a classifier-derived metric, has been used in an online experiment. At least one

previous study [134] has posited the use of a Mahalanobis distance-based confidence

measure, but it was limited to a comparison of the two closest classes; the measure

in (5.3) was devised specifically to produce a confidence measure for however many

classes are in use. Another study used Mahalanobis distance directly as a rejection

criterion, but had no real-time usability component [139]. All previous studies, to

our knowledge, that used confidence measures were based on likelihood or posterior

probability measures. This new distance-based confidence measure was deemed more

appropriate for a classifier based on a regression model, since it would align more

closely to the classification decision than one based on a second classifier running in

parallel, and its performance here is suggests that it may be useful in other regression-

based applications in the future.

While the benefits across the whole 2-DOF Fitts’ Law task were expected, the

difference in rejection-driven improvement between the hidden-cursor portion and the

visible-cursor portion merit further comment. When the cursor was visible at the end

of the trial, path efficiency and overshoot were not significantly affected by rejection

– though overshoot decreased to zero – while all other metrics were significantly
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improved. However, because the target appeared above where the cursor emerged

from the gate, there was little need for the subjects to deviate from a straight upward

path. If they did, it was almost certainly due to some sort of control error. Whereas

rejection could not appreciably help the path in this case, it could still aid stopping,

and in so doing, allow the subjects to approach the target faster, and thus complete

more trials.

The hidden-cursor portion proved more interesting. Path efficiency is significantly

improved here, a large part of which may be due to enabling a smoother transition

between EXT and ABD, which is crucial to the performance of the task; this is also

reflected in the lack of overshoots and the reduced stopping distance. Surprisingly,

movement time – and thus throughput – and completion rate were not affected by

rejection during the hidden-cursor portion. Many subjects reported that they would

mentally count, “one-two-three-up!” or some similar sequence to try to consistently

time their movements; some even reported trying to use the countdown clock visible

in the data collection software (Figure 5.3). It is plausible that the range of activation

levels was similar enough between subjects that the range of timings required to

consistently reach the gate would in turn be similar: thus when the subjects each

recognized their own best timings the course of 48 trials, they naturally converged.

While rejection could potentially have affected that timing by interrupting the output

stream, this evidently was not the case.

In light of the success of rejection with internal model formation, one future

avenue of investigation may be to see whether learning can be further enhanced with

augmented feedback [163]. However, because rejection removes information based on

confidence, augmented feedback for this task should be based on the confidence value,

Mahalanobis distance, or rejection state, since feedback should ideally be related to

the information being removed from the system [157]. Additionally, while rejection

has been well-demonstrated with able-bodied subjects, it has seen limited application
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with clinical populations other than amputees [79], [129], [137]. As noted previously,

myoelectric control is becoming more popular for stroke [69], [182], [183] and spinal

cord injury patients [181], [188]; incorporating rejection PR into the control of a

functional electrical stimulator, for example, could improve a patient’s ability to

control their affected limbs and restore functionality.

5.5 Conclusion

The ideal myoelectric controller should be both easy to learn (i.e., produce strong

internal models), and easy to control (i.e., produce few errors). Consequently, a study

was performed with the objective of determining whether confidence-based rejection,

a proven error-reduction scheme, would impair the formation of an internal model

when using PR-based myoelectric control in a virtual control task. While it was

hypothesized that this may occur, based on previous findings with other methods

of information removal, there were in fact no significant differences between any

internal model metrics with respect to rejection. Meanwhile, rejection-based control

continued to provide the same robust usability benefits that have been demonstrated

repeatedly in the literature. These findings again demonstrate the value of simply

rejecting uncertain control decisions: when the rejection protocol is properly tuned,

it will provide an immediate benefit to users of myoelectric control without any

commensurate loss of function or ability, including the internalization the controller

itself.
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Chapter 6

General Discussion and

Conclusions

6.1 Contributions

This dissertation has made a number of research contributions to the field of pattern

recognition-based myoelectric control. First, several novel uses and evaluations of

rejection – the overriding of uncertain movements to an inactive state – were in-

troduced. Chapter 2 is the first study to demonstrate real-time confidence-based

rejection using SVM, something which many previous studies had dismissed due to

the lack of an innate likelihood statistic; this problem was addressed by using the

probability calculation produced by the LIBSVM package [169]. Two papers were

published from a second study exploring the implications of confidence-based rejec-

tion [178], [184] (Chapters 3 and 4). Finally, Chapter 5 is the first study to employ

a confidence metric based on Mahalanobis distance in real-time use, and the first to

perform online rejection using Mahalanobis distance in any manner. It was also the

first study to apply rejection to a regression-based classifier.

Moving beyond the use of rejection, to PR as a whole, Chapter 3 was the first
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study to define and describe the types of random and user-generated errors observ-

able in a real-time Fitts’ Law task, so that they could be studied both with and

without rejection. This represents a significant contribution to the field, as previ-

ously, only summary statistics have been possible within this framework. This was

built upon in Chapter 4, which related those errors to controller usability, and also

served as the first study to systematically establish an operating range of confidence

thresholds for rejection based on usability. Finally, Chapter 5 expands upon recent

work in computational motor control, and was the first study to examine the effect

of rejection on internal model formation and uncertainty in PR control.

These studies, conducted with a combined 58 subjects, have created opportunities

for a wealth of new research, as will be explored further in §6.4.

6.2 Summary of Findings

The objectives of this dissertation were to better understand how rejection works,

in terms of the kind of errors that could be rejected and how this might be more

finely tuned, and to understand how this affects user learning and behaviour while

using a rejection-enabled controller. The remainder of this section will address how

these objectives, and the Specific Aims outlined in §1.2.2, were met by the studies

in Chapters 2-5.

6.2.1 The Robustness of Rejection

One of the themes that runs through this dissertation is that rejection enhances

control under a wide range of circumstances. In Chapter 2, it was established that

confidence-based rejection with an SVM controller was equally viable to rejection

with an LDA controller, producing equal or similar outcomes in all Fitts’ Law-

related metrics measured during the experiment. This was further extended with
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an entirely novel confidence metric in Chapter 5, based on Mahalanobis distance.

The fact that rejection based on Mahalanobis confidence still provided the same

essential usability benefits as LDA and SVM probability-based confidence illustrates

the essential robustness of the concept itself, doubly so when one considers that this

was the first time rejection had been used with any form of regression.

These results met, and indeed exceeded, the first part of Specific Aim #1, to

implement rejection with a new classifier that would provide a greater dynamic

range. For the second part, to empirically determine the ideal rejection threshold

for a system of interest, the answer determined in Chapter 4 actually proved to be

quite broad: while throughput peaked at a rejection threshold of 0.65 using an SVM

controller, there was no significant difference between the thresholds of 0.60-0.75;

indeed, using any rejection at all had at least some benefit, if not as much as in that

ideal range. This illustrates that rejecting even just the most blatantly confused

movements has a net benefit to the user, and that optimal results can potentially

come from a wide range of threshold values in SVM confidence-based rejection.

6.2.2 The Utility of Rejection

Another common theme through this dissertation is that of rejection’s inherent util-

ity: not only does it work under a wide range of circumstances, but it also provides a

variety of practical benefits. First, and most importantly, rejection improved usabil-

ity in all three studies described here that measured it (Chapters 2, 4, and 5). This

is the essential purpose of implementing rejection in the first place, as had previously

been demonstrated [79]. The results here serve to support and extend this earlier

finding.

Having established this benefit, the next step, per Specific Aim #2, was to iden-

tify the common errors made during Fitts’ Law-style virtual usability tests, and

determine whether they could be mitigated by rejection. Chapters 3 and 4 demon-
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strated precisely that, by first describing three principal behavioural errors (Over-

shoot, Bounceback, and Bounceback Perpendicular) and one random error type (Sys-

temic) and then describing how their incidences changed with increasing rejection

thresholds. In Chapter 3, it was shown that both user-generated and random errors

were removed from the decision stream in greater numbers as rejection threshold in-

creased, though conversely, so too were many ostensibly correct decisions. In Chapter

4, these results were connected to usability, and it was shown that significant differ-

ences in error rates coincided with significant improvements in usability, but more

due to the removal of random errors than user-generated ones. It was also suggested

that the increasing level of false negatives – nearly 60% at the 0.80 rejection thresh-

old – was both empirically and subjectively harming usability, although even at that

high threshold, the system still provided a higher throughput than it did without

any rejection at all.

These results make it clear that rejection improves usability not just in an abstract

sense but in a very practical way, too. By mitigating both random errors and user-

generated errors that would commonly be encountered when attempting to stop and

transition, there is a clear avenue toward real-world utility for rejection that would

be worth exploring in the future.

6.2.3 The Intuitiveness of Rejection

When well-tuned, rejection does its job with a minimal amount of interference in

the rest of the control process. When it is not actively removing samples, rejection

carries no delay component, in contrast to other post-processing techniques like the

majority vote [42] and the velocity ramp [52]. This notion, of being unobtrusive and

intuitive, is reflected in the findings for Specific Aim #3.

First, it was expected that rejection may have a “sentinel” effect, informing the

user that what they were doing was incorrect or problematic, and pushing them to
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alter their contractions over time. However, when comparing the error incidence

in the raw, uncorrected input (Figure 3.4C), there were only a few incidental and

inconsistent decreases in the error rates with respect to rejection threshold across the

entire subject population, and no differences between experienced and inexperienced

users of PR. Indeed, the studies in Chapters 3 and 4 found no significant differences in

the behaviour of novice and experienced PR subjects by any measure. In other words,

rejection didn’t affect the nature of user-generated errors, and crucially, neither did

experience with PR control or rejection. Thus, for example, the user may still

perform a sharp, braking contraction when they need to stop or transition as they

did before, but with rejection, any tendency for the cursor to move off in an odd

direction as a result of the braking contraction will be halted or minimized. Rejection

thus does what it is designed to without affecting the greater control process.

From there, Chapter 5 sought to measure user adaptation in a more systematic

way, using the principles of computational motor control. From previous work, it

was known that even if users subjectively find a controller easier to use, they may not

inherently be better able to learn or adapt to that controller [162], [174]. However,

despite the fact that rejection removes data from the output stream – something the

cited studies by Shehata et al. did by filtering the second DOF from an SVR – the

subjects in our study experienced no impairment in their internal model formation

by any of the metrics employed in Chapter 5. As was speculated in the Discussion

section of that chapter (§5.4), this is likely because the feedback removed by rejection

is very poor, or possibly even confusing, information, thus removing it carries little

to no cost. In this way, rejection again improves control without affecting another

element of the process, in this case a vital one.

89



6.3 Limitations

While the preceding sections have described the successes and contributions achieved

in this dissertation, there are also some notable limitations to the work which must

be acknowledged and addressed. The first is the low number of subjects, N , recorded

in Chapter 2. It was originally speculated in the Discussion section of that chap-

ter (§2.4) that over-rejection might have driven the more moderate usability gains

observed, despite clearly significant differences in path metrics. This seemed akin

to a previous study [66] which had found no improvement in throughput despite

an improvement in path metrics using a voting-based rejection scheme. Indeed, the

“double rejection” phenomenon – in which the normalized proportional control in-

teracted negatively with the SVM rejection specifically (Figure 2.4) – likely played

a crucial role in limiting positive outcomes from that study. However, it should also

be noted that, in Chapter 4, which had a larger N (24 vs. 10) and a wider range of

rejection thresholds – including, crucially, the 0.70 threshold used in Chapter 2 – no

such problem was observed. Thus, it is possible that the limited results of the pilot

work in Chapter 2 were due in part to a lack of statistical power stemming from the

lower number of subjects.

In Chapter 4, the correlations observed in Table 4.1 suggest that reducing user-

generated errors doesn’t improve usability as measured by trial completion time

and Fitts’ Law throughput. However, when comparing the plots of those metrics in

Figures 4.2A and B against the error rates observable in Figure 4.4A, with particular

attention to the difference between NR and the rejection cases, it is clear that there

is some form of usability benefit to reducing all forms of error, not just systemic error

as Table 4.1 suggests. It seems unlikely that operator error rate could be decreased

by approximately 1/3 – more than any increment between rejection threshold levels

– without contributing in some way to the improvement in usability. Moreover,

it can be observed from sample traces of subject data (not shown in the thesis,
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however those included in Figs. 8 and 9 of [79] are representative), and from simple

observation that, without rejection, a single user error can beget further errors due

to the efforts required to transition between motion classes to correct the error.

However, the methods of statistical analysis used in Chapter 4 did not provide a

satisfactory way of determining that effect, leaving the blanket statement that only

halting systemic error affected movement time and throughput – a statement that is

likely true between rejection thresholds but possibly not a comprehensive statement

between NR and rejection.

In Chapters 3 and 4, users were always presented with the non-rejection condition

(NR) first, before seeing each of the seven rejection conditions in some random order.

The intention was to have the non-rejection condition serve as a consistent baseline,

or internal control, against which the rejection conditions would then be compared.

It should be noted, however, that by always presenting NR first, the experiment

could have been biased against NR, since learning effects within the experiment

would necessarily benefit the rejection conditions presented later on; indeed, it’s for

this reason that the rejection conditions are presented in random order. However, it

was observed in Chapter 3 that subjects did not change their contractions to prevent

errors based on either use of rejection or experience (Figure 3.4C). Furthermore, in

Chapter 5, rejection was found to produce better usability metrics in subjects that

used it, in a situation where presentation order could not be a confounding factor

(Table 5.1). These findings, combined with the broader literature also showing the

effects of rejection (see §1.1.3), suggest that the impact of this issue was likely small,

however it cannot be said with certainty that this methodological oversight did not

influence any outcomes in these two chapters.

The study in Chapter 5 presented several internal model-related parameters that

presented an overall picture of subjects’ ability to internalize PR control being un-

affected by the use of rejection. Initial plans included the use of the heirarchical
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Kalman filter paradigm previously demonstrated by colleagues and collaborators

[159], [161]–[163], which may have solidified that statement, but this was left out

of the present work due to changing research in that sub-field [161]. Originally, the

control error and JND measured during the experiment would have informed the

noise variables in one of the two Kalman filters, which would in turn have influenced

the estimation of the internal model uncertainty, Pparam, by the other Kalman filter.

Having estimates of Pparam with and without rejection may have provided a sum-

mary piece of evidence that rejection either aided or did not impair internal model

formation. Although the absence of the Kalman estimator does not undermine the

central message of that chapter, this addition would have further strengthened that

aspect of the analysis. Once that line of research has solidified, this work could easily

be extended to include its recommended analyses.

Finally, as a general statement, it remains difficult to establish when, precisely,

the controller is over-rejecting, and how to systematically mitigate that. As stated

above, it was initially thought that the weaker results in Chapter 2 indicated over-

rejection before later work suggested otherwise. In Chapter 5, it was similarly specu-

lated that the correlation between weaker internal models and higher rejection rates,

could be signs of over-rejection. However, it is difficult to know if that is, indeed, true

without a more comprehensive analysis of rejection with the SVR and Mahalanobis

confidence metric. The most definitive picture of over-rejection in this dissertation

comes from Chapter 4, where it is demonstrated that at the very highest rejection

threshold (0.80), the point at which usability becomes significantly worse than at

peak throughput, nearly 60% of all rejected samples were likely to have been cor-

rectly classified. However, this is only a handful of percentage points more than was

observed at the “ideal” rejection threshold of 0.65, where around 50% of rejected

samples were false negatives. This may, indeed, be a fundamental limitation of a

simple, threshold-based rejection protocol: a more precise tool may ultimately be
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needed to address the problem of over-rejection going forward, a limitation that is

beyond the scope of this dissertation.

6.4 Future Research

As stated above, the work in this dissertation has opened up a myriad of future

research avenues, based on both the findings of the studies presented herein, and the

opportunities left unexplored by them.

In Chapter 2, it was observed that, for many Fitts metrics, the effect of target

width and distance did not form a smooth, linear relationship with the Shannon

formulation of index of difficulty [73], but produced homogeneous groups based on

either distance (TP) or width (EFF, OS, SD). This effect had not been reported in

previous studies using the Fitts’ Law Test [66], [79] – although notably, it was not

purposefully tested for in those works, either – but it was consistent across classifiers

and proportional control methods, suggesting that it was not unique to any particular

circumstances. A future study looking at distance and width as separate variables in

a more systematic way may be able to tease apart if and how these effects may differ,

and whether there is a point at which this dichotomy disappears. It is possible that

the assumed equal contributions of distance and width in the Fitts framework may

not hold in all cases when used within velocity-controlled paradigms. Additionally,

the systematic determination of the ideal SVM confidence rejection threshold recom-

mended in the Chapter 2 Discussion was performed during the study in Chapter 4,

however a similar study could also be done for LDA or Mahalanobis confidence. The

former is particularly relevant, given that LDA remains a highly popular classifier,

both for PR in general [21] and for rejection specifically (§1.1.3). The Mahalanobis

confidence (Chapter 5), meanwhile, is a fairly novel metric, whose characteristics and

tolerances are not yet well-understood, but may yield more generalizable results.

93



With respect to rejection, as noted above, this dissertation introduced the use

of rejection with SVM classification, and the use of a confidence metric based on

Mahalanobis distance. There are, however, many other methods of establishing

outliers in a PR dataset [141], some of which have been used to reject in an offline

classification setting [139], [140]. However, it is unknown whether any of these will

produce equivalent or better results to the existing paradigm of confidence-based

rejection in an online setting, necessitating further study of at least some of these

options. Even more interesting, however, is the notion of using a time series or

some other form of context in rejection. In a previous work [137], the use of time-

series data to supervise rejection has reduced error rates, however there was no

real-time performance criterion in that study. Moreover, that study, as with most,

used LDA rejection, whereas SVM, with its superior dynamic range of confidence

[134], would likely be better suited to the task anyway. Now that SVM rejection has

been proven in multiple real-time usage studies, it could be used as part of a system

that incorporates a time series, or some other similar form of context. The same

could also be said of the Mahalanobis confidence, should a regressor instead be the

PR system of interest.

The outcomes of the error-mitigation studies in Chapters 3 and 4, as stated

earlier, lend themselves to other practical applications. Specifically, because of the

success found in mitigating the effects of braking contractions, the next logical step

would be to determine whether this aids in the performance of tasks that require a lot

of stopping, starting, and transitioning with a prosthesis. Rejection has seldom been

used with a prosthesis in general – only one study that the author is familiar with

[135], in which rejection was an incidental element – meaning that many aspects of

prosthesis usability with rejection are potentially open to study. Future work would

likely start with the more typical hand usability trials – the SHAP Test, Box and

Blocks, etc. – before graduating to efforts with activities of daily living, in each
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case testing functionality with and without rejection, and/or determining whether

different levels of rejection make a functional difference, given (for example) the

inertia inherent to a prosthetic limb.

Beyond prosthetics, there are other rehabilitative fields that could benefit from

the use of rejection-enabled pattern recognition. As noted in §5.1, PR has been used

by clinical populations with stroke [69], [182], [183] and spinal-cord injury [181], who

might previously have been expected not to benefit from such technologies due to

the paresis inherent to such conditions. The ability to reject poor control signals

would further enhance the ability of PR to control human-computer interfaces, or

other assistive devices such as exoskeletons [181], [182]. Indeed, these lessons remain

relevant whether the exoskeleton is worn by a paretic or able-bodied person. While a

properly-designed exoskeleton control system should mitigate any foreseeable risks to

the human occupant in terms of joint movement (e.g., [138]), errors in the command

signal may nonetheless cause unintended motions that would then require additional

corrective commands, as with prostheses.

Another follow-up study of interest would be to compare how quickly and ac-

curately experienced PR users can control a system compared to novice PR users.

Chapters 3 and 4 found a surprising lack of significant differences between those

two groups for most Fitts’ Law metrics and error rates, but the differences that did

exist – MT and TP – are compelling, and suggest that the fundamental difference

between experienced and novice users is their ability to control an end-effector at

speed. To that end, instead of using the regular Fitts’ Law Task, one would instead

use a Schmidt-style test [189], in which users are presented with a series of rapidly-

decaying targets that they must reach as quickly as possible. This was the style of

test used by Shehata et al. [162], [163], [174] in their internal-model tests, so the

framework has been validated for PR previously. More importantly, this framework

would make it possible to test users on targets in a variety of locations at a variety
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of speeds, to establish the extent to which experience – and perhaps experience level

– aids swift and accurate PR control.

As noted at the end Chapter 5, augmented feedback based on the Mahalanobis

confidence or the rejection state of the system could potentially provide helpful

information to the user, enhancing their internal models. Indeed, it may be possible

to compare the effect of audio feedback in terms of one, the other, or both (i.e.,

receiving confidence feedback only during rejection). It may also be possible to

provide multiple channels of augmented feedback – for example, audio of confidence

and visual or vibrotactile feedback of rejection state – though it is possible that this

may overwhelm the user. In planning for multiple channels of augmented feedback, it

would be necessary to consider what could be provided long-term: even if augmented

feedback is not necessary all the time, some intermittent feedback may be necessary

to maintain internal models [158]. It would also be interesting to determine whether

augmented feedback of rejection state produces the “sentinel” effect which failed to

appear in Chapter 3.

Finally, returning all the way back to Chapter 1, rejection could be used to help

address the outstanding issues in the field of PR (see §1.1.2.3). Indeed, it was cited as

a potential motivation in many of the introduction sections in the papers throughout

the dissertation, yet was never actually addressed by any of the studies. However,

it remains a compelling possibility, and studies could be devised to compare the use

of rejection to existing solutions to these issues, and/or determine whether rejection

could enhance said solutions, to create a better overall controller. Most intriguing

would be the use of rejection within an adaptation framework, which is commonly

used to mitigate problems associated with changing limb position, fatigue, and signal

evolution over time (see §1.1.2.4). Currently, all studies that the author is aware of,

including those in this dissertation, employ static rejection thresholds, however it

has long been proposed that these thresholds be adjustable by users or clinicians,
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and/or be class-specific (e.g., [79]), to account for variations in performance. Thus,

it would be greatly beneficial if the rejection thresholds for each class could be deter-

mined using an adaptive algorithm, potentially reducing the need for retraining or

computer/app-based adjustment while enhancing control. Investigating this possi-

bility could also help mitigate the difficulties of over-rejection noted in the previous

section, by providing a more dynamic and nuanced set of thresholds for each user

and each class, rather than the one-size-fits-all solution currently employed.
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Appendix A

On the Origin and Nature of

Confidences

In this appendix, a derivation of the two principal classifiers used in the dissertation,

their respective confidence metrics, and the Mahalanobis distance-based confidence

are provided. The purpose of this is two-fold: 1) to illustrate how the confidence

metrics relate both to each other and to their respective classifier decision measures;

and 2) to provide a simple mathematical foundation for the divergent behaviours of

the three metrics.

A.1 Linear Discriminant Analysis

The implementation of LDA used in this dissertation has been described in several

previous papers, most recently [79]. Suppose we want to know the probability of

some observation ~x belonging to class k. Let us start with Bayes’ theorem:

P (Y = k | ~x) =
P (~x |Y = k)P (Y = k)

P (~x)
(A.1)

P (~x) is the probability distribution of observation ~x irrespective of class. P (Y =
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k) is the prior probability provided to the classifier. P (~x |Y = k) is the probability

distribution of ~x within class k, which may be represented as a multivariate Gaussian

of the form

P (~x |Y = k) =
1

(2π)
n
2 |Σi|

1
2

exp

[
−1

2
(~x− ~µk)T Σ−1k (~x− ~µk)

]
(A.2)

where n is the dimensionality of observation ~x, and ~µk and Σk are the mean and

covariance matrix of the data for class k. Substituting (A.2) into (A.1) results in

(A.3). This may be simplified by assuming that the prior probabilities are equal for

all classes, replacing the class-independent P (Y = k)/P (~x)(2π)
n
2 with the constant

C, then taking the natural logarithm of both sides. This produces a new relation in

log-probability space (A.4), which may then be expanded into individual terms for

easy simplification in the next step (A.5).

P (Y = k | ~x) =
P (Y = k)

P (~x)(2π)
n
2 |Σk|

1
2

exp

[
−1

2
(~x− ~µk)T Σ−1k (~x− ~µk)

]
(A.3)

lnP (Y = k | ~x) = lnC − 1

2
ln Σk −

1

2
(~x− ~µk)T Σ−1k (~x− ~µk) (A.4)

lnP (Y = k | ~x) = lnC − 1

2
ln Σk −

1

2
~xTΣ−1k ~x+ ~xTΣ−1k ~µk −

1

2
~µTkΣ−1k ~µk (A.5)

At this point, the homoscedasticity assumption is applied, which assumes that

all covariances are equal. A pooled covariance is calculated by averaging the co-

variance matrices for each class (A.6). Note that skipping this step would yield the

related quadratic discriminant analysis (QDA) classifier, which has parabolic deci-

sion boundaries. Finally, removing all class-independent values results in the decision

function in (A.7), which is calculated for each class.

Σ =
1

n

n∑
i=1

Σi (A.6)
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δk(~x) = lnP (Y = k | ~x) = ~xTΣ−1~µk −
1

2
~µTkΣ−1~µk (A.7)

Finally, to calculate the posterior probability (i.e., confidence), this decision value

was entered back into the exponential function, returning it to probability space

(A.8), then normalized so that
∑n

i=1 pi = 1 (A.9).

p∗k = exp [δk (~x)] (A.8)

pk =
p∗k
n∑
i=1

p∗i

(A.9)

A.2 Support Vector Machine

A.2.1 Derivation

In a support vector machine, the equation of the hyperplane separating the classes is

calculated such that the distance from the nearest point to the hyperplane for each

class (the marginal points) is maximized. Given two marginal points ~x1 and ~x2 for

classes 1 and 2, the decision equations will be

~wT~x1 + b = 1 (A.10)

~wT~x2 + b = −1 (A.11)

where ~w is the normal vector to the hyperplane and b is a transformed intercept

term. Subtracting equations (A.10) and (A.11) produces (A.12), which may then be

divided by the norm of ~w to produce (A.13). The value on the right hand side is the

distance to be maximized for the SVM.

~wT (~x1 − ~x2) = 2 (A.12)
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ŵ(~x1 − ~x2) =
2

‖~w‖
(A.13)

Maximizing a value is necessarily equivalent to minimizing its reciprocal. Fur-

thermore, because a norm is necessarily positive, we may square a norm and retain

the same minimizing value. Stated mathematically:

arg max
2

‖~w‖
= arg min

‖~w‖
2

= arg min
‖~w‖2

2
(A.14)

The latter form of (A.14) allows this problem to be restated as a Lagrangian

dual, which when solved produces

L = max
α

n∑
i=1

αi −
1

2

n∑
i=1

m∑
j=1:j 6=i

αiαjyiyj~x
T
i ~xj (A.15)

where α is a Lagrangian multiplier, y is the thresholded output of the SVM (i.e.,

±1), and n and m are the total number of data points, with the conditions αi ≥ 0

and
∑n

i=1 αiyi = 0. Note that for most points ~xi, the corresponding Lagrangian

multipliers αi = 0, and therefore the corresponding values of the normal vector

wi = 0, resulting in sparse solutions to the optimization problem; the exceptions

are called the support vectors. Note also that the multiplication ~xTi ~xj, the similarity

measure, may be substituted for a transformed version of the same using the kernel

trick, allowing otherwise linearly inseparable variables to become separable. With the

kernel trick, it is unnecessary to calculate the transformations of individual points,

and in most cases impossible to do so accurately, since the space is transformed

directly without reference to the points themselves.

This solution results in a decision rule

δ (~xk) =
n∑
i=1

[αiyiK(~xi, ~xk)] + b (A.16)

where K(~xi, ~xk) represents the kernel function. This may also be restated as an
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inequality

yk

{
n∑
i=1

[αiyiK(~xi, ~xk)] + b

}
≥ 1 (A.17)

Note that ~w is not necessary for any of these calculations; while it may be cal-

culated as ~w =
∑n

i=1 αiyiφ (~xi), where φ (~xi) represents ~xi transformed into kernel

space, this is not recommended due to the aforementioned difficulties with trans-

forming individual points.

A.2.2 Confidence Calculation

Given the raw SVM output calculated in (A.16), it was demonstrated by Platt [190]

that the posterior probabilities of the SVM fit a sigmoid function of the form

pk = P [yk = 1 | δ (~xk)] =
1

1 + exp [Aδ (~xk) +B]
(A.18)

where A and B are the fitting parameters of a sigmoid with a range (0, 1). To fit these

parameters, LIBSVM – the specific SVM implementation used in this dissertation –

uses a five-fold cross-validation of the training data to obtain a set of class labels and

δ values [169]. This then allowed the generation of target probabilities for positive

and negative examples:

t+ =
N+ + 1

N+ + 2
(A.19)

t− =
1

N− + 2
(A.20)

where N+ and N− are the number of positive and negative examples, respectively,

in the training data. These target probabilities could then be used as part of the

optimization problem
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min
A,B

{
−

n∑
i=1

[ti log (pi) + (1− ti) log (1− pi)]

}
(A.21)

where ti = t+ when yi = +1, ti = t− when yi = −1, and pi is as defined in (A.18).

This has been found to be very efficiently solvable using Newton’s method with

backtracking [191].

A.2.3 The Multiclass Problem

The problem, again, arises that for k classes, there are k(k − 1)/2 pairwise com-

parisons being made, often resulting in pairwise probabilities that do not obviously

distill down to a single value [192]. Many approaches have been proposed, however

the one used in LIBSVM is the second approach by Wu et al. [193], designed to be

linearly solvable using a Lagrangian, much like the SVM itself.

The optimization rule here is

min
~p

n∑
i=1

m∑
j=1:j 6=i

(rjipi − rijpj)2 (A.22)

where the pairwise probabilities between classes i and j relate by the equation rij +

rji = 1, pi now represents the probability of class i against all classes, and
∑n

i=1 pi =

1, pi ≥ 0,∀i. This is then solved with an iterative quadratic programming method,

succinctly described in §8 of [169], which is halted when the greatest change in

probability is less than 0.005/n.

With this, we now have the multi-class probability, and thus the basis for a final

rejection decision, for the SVM as performed in this dissertation.

103



A.3 Mahalanobis Distance

The Mahalanobis distance, first presented by P.C. Mahalanobis in 1936 [185], repre-

sents the normalized distance between an observation and a set of data with respect

to the variance of said data.

Dk = d2k = (~x− ~µk)T Σ−1k (~x− ~µk) (A.23)

Note that the Mahalanobis distance is typically presented in its squared form,

and by its definition, will appear in the exponent of a multidimensional Gaussian as

was previously used in the derivation of the LDA (A.2). As shown in §5.2.2.1, the

Mahalanobis confidence was then derived simply by normalizing the inverse-square

of the already-squared Mahalanobis distance Dk output by Matlab by default (i.e.,

the fourth-power of the original Mahalanobis distance dk).

Mk =
1

D2
k

=
1

d4k
(A.24)

pk =
Mk
n∑
i=1

Mi

(A.25)

A.4 Relations Between Confidences

The first, clearest observation to be made is the direct mathematical relation be-

tween the Mahalanobis distance and LDA confidence (A.26). By contrast, the SVM

confidence bears a sigmoidal relation to the decision function, which is itself based on

the kernel function used to project the observations onto the hyperplane separating

the data; since a linear kernel was used, this was a simple dot product.

pkLDA
∝ 1

eDk
pkSV M

6∝ Dk pkMahal
∝ 1

D2
k

(A.26)
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This goes some way toward explaining the essential differences in their charac-

teristics. In particular, the tendency of LDA toward extreme values in its confidence

metrics, as observed by Scheme and Englehart [134], may be due to its reciprocal-

exponential character. By contrast, the sigmoidal and inverse-square relations would

tend to produce smaller slopes in the middle of the confidence range, resulting in a

less-compressed area of usable confidence values, as alluded to in §1.1.3 and [134].
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[186] M. A. Garćıa-Pérez, “Forced-choice staircases with fixed step sizes: Asymp-

totic and small-sample properties”, Vision Research, vol. 38, no. 12, pp. 1861–

1881, Jun. 1998.

[187] L. Faes, G. Nollo, F. Ravelli, L. Ricci, M. Vescovi, M. Turatto, F. Pavani,

and R. Antolini, “Small-sample characterization of stochastic approximation

staircases in forced-choice adaptive threshold estimation”, Perception & Psy-

chophysics, vol. 69, no. 2, pp. 254–262, Feb. 2007.

[188] K. L. Kilgore, A. Bryden, M. W. Keith, H. A. Hoyen, R. L. Hart, G. A.

Nemunaitis, and P. H. Peckham, “Evolution of neuroprosthetic approaches

to restoration of upper extremity function in spinal cord injury”, Topics in

Spinal Cord Injury Rehabilitation, vol. 24, no. 3, pp. 252–264, Jun. 2018.

[189] R. A. Schmidt, H. Zelaznik, B. Hawkins, J. S. Frank, and J. T. Quinn Jr.,

“Motor-output variability: A theory for the accuracy of rapid motor acts.”,

Psychological Review, vol. 86, no. 5, pp. 415–451, Sep. 1979.

[190] J. C. Platt, “Probabilistic outputs for support vector machines and compar-

ison to regularized likelihood methods”, Microsoft Research, Redmond, WA,

USA, Tech. Rep. March, 1999, p. 11. [Online]. Available: https://www.

researchgate.net/profile/John_Platt/publication/2594015_Probabi

listic_Outputs_for_Support_Vector_Machines_and_Comparisons_to_

Regularized_Likelihood_Methods/links/004635154cff5262d6000000.

pdf.

[191] H.-T. Lin, C.-J. Lin, and R. C. Weng, “A note on Platt’s probabilistic outputs

for support vector machines”, Machine Learning, vol. 68, no. 3, pp. 267–276,

Oct. 2007.

[192] T. Hastie and R. Tibshirani, “Classification by pairwise coupling”, The Annals

of Statistics, vol. 26, no. 2, pp. 451–471, Apr. 1998.

133



[193] T.-F. Wu, C.-J. Lin, and R. C. Weng, “Probability estimates for multi-class

classification by pairwise coupling”, Journal of Machine Learning Research,

vol. 5, pp. 975–1005, Dec. 2004.

134



Vita

Candidate’s full name: Jason William Robertson

Universities attended:

2014-present Doctor of Philosophy in Electrical Engineering, University of New
Brunswick

2011-2014 Master of Science in Biomedical Engineering, University of Calgary
2003-2011 Bachelor of Science in Biomechanics, University of Calgary
2000-2003 Bachelor of Science in Electronics Engineering Technology, DeVry In-

stitute of Technology

Publications:

Robertson JW, Englehart KB, and Scheme EJ. “Effects of confidence-based rejec-
tion on usability and error in pattern recognition-based myoelectric control”. IEEE
Journal of Biomedical and Health Informatics. Epub, 2018.

Robertson JW, Englehart KB, and Scheme EJ. “Rejection of systemic and op-
erator errors in a real-time myoelectric control task”. Proceedings of the 2018 40th

Annual International Conference of the IEEE Engineering in Medicine and Biology
Society (EMBC), pp. 5640-5643, 2018.

Robertson JW, Struthers CN, and Syme DA. “Enhancement of muscle and loco-
motor performance by a series compliance: A mechanistic simulation study”. PLoS
ONE 13(1): e0191828, 2018.

Robertson JW and Johnston JA. “Modifying motor unit territory placement in
the Fuglevand model”. Medical & Biological Engineering & Computing 55(11): pp.
2015-2025, 2017.

Robertson JW and Johnston JA. “The superposition principle applied to grasp-
ing an object producing moments outside anatomically-defined axes”. Journal of
Biomechanics 45(9): pp. 1580-1585, 2012.



Robertson JW, Debert CT, Frayne R, and Poulin MJ. “Variability of middle cere-
bral artery blood flow with hypercapnia in women”. Ultrasound in Medicine and
Biology 34(5): pp. 730-740, 2008.

Conference Presentations: (* denotes presenting author)

Robertson JW, Englehart KB, and Scheme EJ*. “Rejection of systemic and oper-
ator errors in a real-time myoelectric task” (podium). 40th International Conference
of the IEEE Engineering in Medicine and Biology Society, Honolulu, HI, July 18,
2018.

Robertson JW*, Englehart KB, and Scheme EJ. “Distinct motor patterns en-
hance usability of myoelectric pattern-recognition control” (poster). 9th Annual New
Brunswick Health Research Conference, Moncton, NB, November 1, 2017.

Robertson JW*, Englehart KB, and Scheme EJ. “Understanding errors in pat-
tern recognition-based myoelectric control” (poster). MEC17: A Sense of What’s to
Come, Fredericton, NB, August 16, 2017.

Robertson JW*, Englehart KB, and Scheme EJ. “On the usability of rejection
capable support vector machines in an online virtual targeting task” (podium). XXI
ISEK Congress, Chicago, IL, July 6, 2016.

Robertson JW* and Scheme EJ. “Improving the robustness of pattern classifi-
cation for myoelectric prostheses” (poster). 7th Annual New Brunswick Health Re-
search Conference, Fredericton, NB, November 3, 2015.

Robertson JW* and Johnston JA. “Modifying motor unit territory placement
in the Fuglevand model” (poster). 14th Annual Alberta BME Conference, Banff, AB,
October 26, 2013.

Robertson JW* and Johnston JA. “Development of grip and moment control dur-
ing a grasp, lift, and hold task” (podium). 13th Annual Alberta BME Conference,
Banff, AB, October 20, 2012.

Robertson JW* and Johnston JA. “Development of grip and moment control
during a grasp, lift, and hold task” (poster). Neuroscience 2012, New Orleans, LA,
October 17, 2012.

Robertson JW* and Johnston JA. “The principle of superposition when grasp-
ing an object exerting two-dimensional external moments” (poster). 12th Annual
Alberta BME Conference, Banff, AB, October 22, 2011.

Robertson JW*, Brown AD, Duggan CT, and Poulin MJ. “Effects of age, exercise,
and hypercapnia on middle cerebral artery haemodynamics in women” (podium).



CSEP 2010: Exploring the Routes to Health and Fitness, Toronto, ON, November 5,
2010.

Robertson JW*, Dukelow SP, Lam K, and Johnston JA. “A novel stroke as-
sessment tool featuring individual finger forces and torques” (poster). 11th Annual
Alberta BME Conference, Banff, AB, October 23, 2010.

Robertson JW*, Debert CT, and Poulin MJ. “Effects of hypercapnia on middle
cerebral artery waveform parameters in pre- and post-menopausal women” (poster).
17th Annual Meeting of the North American Menopause Society, Nashville, TN, Oc-
tober 12, 2006.


