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Abstract

Advancements in EMG pattern recognition have enabled intuitive gesture recog-

nition of upper limb motions for use in human computer interfaces. Whether it be to

control a prosthesis, a drone, or a virtual reality environment, all current implementa-

tions rely on the acquisition of representative training data from the end-user before

use. This requirement has been reported as frustrating for users and a limitation to

the broader adoption of EMG-based controllers. Consequently, this thesis aims to

address the burden of the training protocol for EMG pattern recognition using data-

driven approaches and cross-user models. Two exploratory studies were conducted

to assess the impact and degree of inter-subject variability and difference in EMG

information content between user groups.

Based on observed subject differences, an adaptive domain adversarial neural net-

work (ADANN) was subsequently developed to adapt a previously trained model to

a new user using minimal training data. The proposed ADANN cross-subject model

significantly outperformed the current state-of-the-art canonical correlation analysis

(CCA) cross-subject model for both intact-limb and amputee populations (with 9.4%

and 22.4% absolute improvement, respectively). Finally, a generative adversarial

network architecture, SinGAN, was adopted as a novel alternative for reducing the

amount of EMG data needed for training. SinGAN was able to generate synthetic

EMG signals based on a single subject-supplied motion repetition, significantly im-

proving accuracy compared to training with the single motion alone.
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Chapter 1

Introduction

1.1 Motivation

Pattern recognition of electromyography (EMG) signals has long been used in

biomedical and clinical settings, with applications in myoelectric control of prosthe-

ses and other assistive or rehabilitative technologies. These devices leverage residual

motor function to enhance the quality of life of patients limited by neurological or

physical impairment, such as stroke [3] or amputation [4]. Recently, interest has also

emerged in the use of EMG-based gesture recognition as a human-computer inter-

face for general consumer applications, e.g. virtual reality or teleoperation [5]. The

adoption of EMG pattern recognition within all of these applications is a consequence

of the highly intuitive control signal derived from natural, and often physiologically

appropriate, muscle contractions.

The EMG signal is a manifestation of the electrical potential generated during

the contraction of muscles, and is recorded using electrodes [6]. During a volitional

movement of a limb, action potentials are propagated to many motor units, causing

the corresponding muscle fibers to shorten. The combination of these fibers in a region

is sufficiently large to be detected (∼10 mV maximum) and precedes the physical
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movement of the limb. It persists for the duration of contraction, and is thus a

good candidate for detecting volitional movement. In the vast majority of use cases,

whether within a socket for prosthetic control or as part of an armband for consumer

use, surface electrodes are used to non-invasively monitor muscle activity. Using

multiple electrodes located over the different muscles of the limb, the elicited gesture

can be inferred using pattern recognition approaches.

A guided protocol is typically used to acquire the training data needed to build a

machine learning model before each session of use. A set of gestures is collected, and

the corresponding data are used to train a classifier or regressor [7]. Training prior to

each session is often required because muscle signatures vary substantially between

users [8] and even within a given user over time [9]. This variation is due to in part to

sensor placement and a variety of other confounding factors. Consequently, pattern

recognition-based myoelectric control models are considered to be subject-specific

and require frequent and repetitive retraining. The EMG signals of intact-limbed

and amputee subjects are feared to be sufficiently different that researchers and clin-

icians have questioned the applicability of developing algorithms for amputees using

intact-limbed subjects. This has led to confusion in determining the state-of-the-art

approaches because studies that aim to improve amputee gesture recognition perfor-

mance are often conducted using intact-limbed subjects because amputee subjects

can be difficult to recruit, even with the aid of clinical collaborators. As a result, the

outcomes of otherwise well conceived studies and approaches may not be reproducible

when validated with their intended population.

After data collection, EMG pattern recognition systems typically comprise a

sequence of stages: pre-processing and segmentation, feature extraction, classifica-

tion [10, 7], and post-processing [11]. Pre-processing and feature extraction are con-

ducted to remove unwanted signal contaminants [12, 6] and increase information

density [13, 14], respectively. Classification then leverages this information to pre-
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dict the class of an elicited gesture, and post-processing is used to smooth a decision

stream [11]. Through iteration over countless studies, the EMG pattern recognition

pipeline has been optimized to regularly yield classification accuracies well above 90%

in constrained laboratory experiments [7].

Despite the many advances in laboratory-based EMG pattern recognition,

myoelectric-controlled prostheses still make a comparatively limited clinical impact.

It has been reported that only 27% to 56% of patients with upper extremity am-

putations choose to use any kind of prosthesis (passive, active or cosmetic) [15, 16].

The reasons for this low adoption of upper-limb prostheses are complex, but include

many of the same challenges faced by all applications of myoelectric control: the

need for improved dexterous control [17] and for improved robustness to the many

sources of variability encountered in real-world scenarios (e.g. contraction intensity

[18], limb position [19], electrode shift [20]). Solutions proposed for these challenges

generally rely on the subject supplying additional data across numerous conditions

(e.g., different positions) to better inform class boundaries [19]; however, this greatly

increases the length of the training protocol. Furthermore, the process of acquiring

meaningful training data before each use of a myoelectric device has been cited as a

major detractor for amputee users [21] (who may fatigue during prolonged training

sessions [22]). Similarly, the need for a long training protocol could greatly reduce

the ‘out-of-the-box’ experience for more casual users of EMG-based human-computer

interfaces.

Researchers have attempted to address concerns over training protocol length by

developing subject-independent and cross-subject models that rely on feature projec-

tion [8], feature decomposition [23], and transfer learning [24]. Subject-independent

models are trained by aggregating data from numerous subjects and ostensibly result

in higher performance for all training subjects within that shared model. Compar-

atively, cross-subject models apply an adaptation from an expert subject (where
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there is abundant data) to a target subject with limited available data. A recently

proposed subject-independent model, adaptive domain adversarial neural network

(ADANN), has yielded an improvement in classification accuracy of 19.4% over its

transfer learning predecessor [25]. Although impressive, these results leveraged large

datasets acquired from all subjects, and no comparable solution has been presented

that overcomes the need for cumbersome training protocols.

Consequently, this work seeks to gain a better understanding of inter-subject and

inter-user group differences in EMG pattern recognition to inform the development

of a novel cross-subject model with the goal of reducing the training burden on the

end-user. A cross-subject framework extension of the recent ADANN framework is

then proposed that leverages a subject-independent model created from numerous

users and adapts that model to a target user with limited data.

Finally, leveraging advancements in one-shot learning, synthetic data generation

is proposed as a potential alternative approach to lessen the training burden [2]. Sin-

GAN, a generative adversarial network architecture developed for use with only a

single image, has demonstrated state-of-the-art operation in super-resolution, image

in-painting, image-harmonization, and more relevantly for this thesis, data generation

[2]. Already, this architecture has been used for data generation of COVID-19 medi-

cal images, where accruing an appropriately-sized physician-labelled dataset could be

prohibitive [26]. Despite only using one or two real medical images, the diagnostic ac-

curacy of a model built using SinGAN-generated data was equivalent to counterparts

trained using 2846 real images.

Similarly, the training burden of myoelectric systems may be improved using a

SinGAN model to produce synthetic samples that supplement the inter-repetition

variability typically informed by many user-performed repetitions. These synthetic

samples could then be used to improve decision boundaries between gesture classes.

In contrast to cross-subject models, this approach would require no adaptation and
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may therefore be less susceptible to inter-subject variability.

1.2 Objectives

This thesis addresses four strategic aims towards the development of a robust gesture

recognition model that requires minimal training effort on the part of the end-user:

Specific Aim 1: Explore differences in inter-subject variability between intact-

limbed and amputee subject groups.

Specific Aim 2: Explore inter-group differences in signal characteristics via

feature space representations.

Specific Aim 3: Leverage cross-subject models to reduce the amount of end-

user data necessary when training pattern recognition-based myoelectric control.

Specific Aim 4: Evaluate the feasibility of synthetically generating data to

reduce training burden.

1.3 Thesis Structure

This thesis addresses each of these strategic aims through a different experi-

ment. Each chapter presents the necessary background material in a justification

and feasibility section, outlines the methods employed, and presents the results and

a discussion. Chapter 2 provides a qualitative analysis of the inter-subject variability

of intact-limbed and amputee populations. Chapter 3 explores the cause of decreased

performance when models optimized using intact-limbed subjects are translated to

amputee populations. Chapter 4 describes the development of a novel cross-subject

training framework using ADANN and compares its performance with previously re-

ported approaches. Chapter 5 provides a preliminary exploration of synthetic data

generation using SinGAN to reduce training burden. Finally, Chapter 6 provides a

summary discussion to synthesize the outcomes of the four experiments.
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Chapter 2

Inter-Subject Variability

2.1 Introduction

Despite decades of research and development of pattern recognition approaches,

the clinical usability of myoelectric-controlled prostheses is still limited. One of the

main issues is the high inter-subject variability that necessitates long and frequent

user-specific training. Cross-user models present an opportunity to improve clinical

viability of myoelectric control systems by leveraging existing data to shorten train-

ing. However, due to the difficulty of obtaining large sets of data from amputee

populations, data from intact-limbed subjects are often supplemented when building

cross-user models, which may not translate well to clinical usability. In this study, the

differences between intact-limbed and amputee cross-user electromyography (EMG)

patterns were examined. Previously collected EMG data from 20 intact-limbed and 10

amputee subjects for different wrist, finger, and grasping gestures were analysed. Re-

sults using unsupervised clustering showed that amputees were consistently grouped

into a different cluster than intact-limbed subjects and that further clustering into

more subgroups found larger differences between amputees than intact-limbed sub-

jects. Furthermore, a simple linear classifier was able to discriminate between intact-
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limbed and amputee subjects using EMG from multiple gestures with 90% accuracy.

These results suggest that using intact-limbed subject data alone may be insufficient

to capture the necessary inter-subject variance when designing cross-user myoelec-

tric control systems for prosthesis control. The work described in this chapter was

published in the 2020 Myoelectric Controls Symposium.

2.2 Justification & Feasibility

Inherent differences in physiology and behaviour, among other factors, affect the

elicitation of muscle potentials and result in substantial differences in EMG patterns

between individuals, even for the same gestures. This has necessitated the adoption

of subject-dependent data collection within most myoelectric control protocols. In

amputee populations, inter-subject physiological differences are greater due to am-

putation or congenital absence, leading to additional variation in muscle geometry,

tendon attachment points, innervation zones, and the composition of subcutaneous

fats, muscle, and skin. As such, in clinical practice, repeated donning, articulation,

and doffing of prostheses in the presence of expert guidance are expected to establish a

confident classification model for each user. The adoption of pattern recognition based

myoelectric control in other applications, in particular commercial gesture recognition

interfaces, would be greatly hindered if the same expertise, resources, and mainte-

nance were required. Indeed, the adoption of EMG-based devices, more generally,

would be greatly facilitated if lengthy or custom training protocols were avoidable.

In pursuit of a solution, the development of subject-independent and cross-subject

classification models has been a keen area of research within the past decade.

In search of subject-independent EMG patterns, individual differences in EMG

signals due to human factors, including gender, age, and anthropometric variables,

have been reported. Harwood et al.[27] and Theou et al.[28] found that older adults
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exhibit greater EMG burst activity with higher mean amplitudes compared to younger

adults. These age-related changes appear to be more pronounced in female users.

Thongpanja et al.[29] found that the relationship between the force of contraction and

the mean frequency (MNF) and median frequency (MDF) features of EMG varied

from person to person. These results could be due to physical variations (i.e., different

anatomical and physiological properties of the muscles) as a number of anthropometric

variables can be used to identify subgroups. Phinyomark et al.[30] found that it is

feasible to use anthropometric variables as an input to improve the calibration or

adaptation of EMG pattern recognition systems. Significant and strong correlations

between several commonly used EMG features and anthropometric variables were

found, including the circumference of the forearm and biceps. Despite the knowledge

of factors that cause inter-subject variability, no study has highlighted or interpreted

the structure of inter-subject variability.

In this chapter, visualizations of the organization of inter-subject variability are

provided using two well-known techniques: principal component analysis (PCA) and

hierarchical clustering analysis (HCA). For this offline analysis, a public dataset con-

taining a large number of intact-limb and amputee subjects was adopted. For each

motion repetition, the Hudgins’ time domain feature set was used to encode muscular

activity using signal amplitude and power and nonlinear complexity and frequency

functional group information [31]. Using PCA to compress the dimensionality, a

visualization of this information was constructed, where each point represents the

data from one subject. Through this visualization, a relative measure of difference

between subjects was realized and communities/clusters of subjects were observed.

Ward’s minimum variance clustering, a form of HCA, was used to produce a den-

drogram representing a community structure of subjects based on their contraction

profiles [32].
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2.3 Methods

2.3.1 EMG Data and Pre-Processing

The surface EMG data used in this study were taken from two publicly available

NinaPro (Non-INvasive Adaptive PROsthetics) databases (3 and 7) [33, 34], which

include data acquired from 20 intact-limbed subjects and 10 trans-radial amputee

subjects. Additional details about the nature of the amputee subject data are shown

in Table 2.1.

In these datasets, subjects performed a series of motions, including various

individual-finger, hand, wrist, grasping, and functional movements. Databases 3

and 7 contain 52 and 40 total gestures, respectively. However, only the 38 motions

common between the two databases were used in this study. Each motion lasted 5

seconds, interrupted by a 3 second rest time, and each motion was repeated six times.

Surface EMG data were collected using twelve Delsys Trigno Wireless electrodes;

eight electrodes were equally spaced around the forearm (distal to the radio-humeral

joint), two electrodes were placed over the flexor and extensor digitorum superficialis

muscles, and the remaining two electrodes were placed over the biceps and triceps

brachii muscles. Data were sampled at a frequency of 2000 Hz and were filtered using

a Hampel filter to remove any 50 Hz power-line interference (and its harmonics).

Any erroneous movement labels were corrected post hoc by applying a generalized

likelihood ratio algorithm, as described in [33].

2.4 Processing and Evaluation

The pre-processed EMG data were segmented for feature extraction using a win-

dow size of 200 ms and an increment of 100 ms. The commonly used Hudgins’ time

domain features [31]; mean absolute value (MAV), waveform length (WL), zero cross-
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Table 2.1: Clinical characteristics of the amputee subjects (A1 and A2 from NinaPro
Database 7 and A3-A10 from NinaPro Database 3). ‘n/a’ denotes data not available.

Subject Amputated Hand Years Since Amputation Remaining Forearm (%) Cause of Amputation

A1 Right 6 n/a Accident
A2 Right 18 n/a Cancer
A3 Left 6 70 Accident
A4 Right 5 30 Accident
A5 Right & Left 1 40 Accident
A6 Right 7 0 Accident
A7 Right 5 50 Accident
A8 Right 14 90 Accident
A9 Right 2 50 Accident
A10 Right 5 90 Cancer

ing (ZC), and slope sign change (SSC), were extracted from each window. A feature

vector was then created from a series of the overlapped windows for further analyses.

Data visualization using principal component analysis (PCA), a commonly used

feature projection method, was performed to better understand these high-dimensional

myoelectric patterns. The main purpose of PCA is to describe the variance in the

data using singular value decomposition and to facilitate visualization of distance

and relatedness of subjects in a reduced dimension [35]. The resultant principal com-

ponents (PCs) are linear combinations of the original features that can be used to

express the data in a reduced form.

Hierarchical cluster analysis (HCA) was used to create a dendrogram to identify

homogeneous myoelectric patterns within the entire participant group (30 subjects).

Briefly, HCA builds a hierarchical tree by combining a pair of clusters that leads to

the minimum increase in total within-cluster variance after merging (Ward’s criterion

[36]). The increase is computed as a weighted squared Euclidean distance between

cluster centers. Subjects clustered in the same group have higher similarity (on av-

erage across 38 gestures, 12 muscles, and 6 repetitions) than with subjects in other

groups. Meaningful clusters in the data are determined by considering the height (or

the distance) of each link in the cluster tree compared to the heights of the lower

level links in the tree. If a link has a small increase in the height relative to the links
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below, it means that there are less distinct patterns differentiating the subjects joined

at that level. Conversely, if a link height substantially differs from the links below, it

means that there are more distinct patterns between them. This measure is referred

to as the inconsistency coefficient.

Finally, classification accuracies were computed using a linear discriminant anal-

ysis (LDA) classifier and a leave-one-out cross-validation technique to measure the

performance of classification models in discriminating between gestures and between

subjects. For gesture recognition, rather than use all 38 classes, only six clinically

relevant motions from the larger set of motions were evaluated: wrist flexion, wrist

extension, forearm pronation, forearm supination, power grip, and pinch grip. Clas-

sical within-subject gesture recognition was performed using leave-one-repetition-out

cross-validation. Subject recognition — a notably different task — was also per-

formed with the goal of evaluating whether data could be classified as being from

an intact-limbed or amputee subject using two different strategies. First, individuals

were described using the vectors of signal features from all of their motion repetitions

combined, in a leave-one-subject-out cross-validation approach. Subsequently, this

was repeated using only the features extracted from each individual 200 ms window

of EMG data, individually.

2.5 Results

To validate previously reported results for intact-limbed and amputee subjects,

the conventional gesture classification performance was computed for each group (Fig-

ure 2.1). In keeping with previous findings, classification accuracies for the group of 20

intact-limbed subjects were significantly higher for the group of 10 amputees (90.54%

± 3.6% > 80.58% ± 9.8%; p < 0.01).
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Figure 2.1: Box plot of gesture classification accuracies using an LDA classifier with
Hudgins’ time domain features for amputee and intact-limbed subjects. * indicates
significant difference (p < 0.01).

Figure 2.2 shows the projection of all subjects in the top 3 dimensions of PCA

space, which explained 54% of the the total data variance. Two distinct clusters of

patterns can be seen, highlighting the differences between intact-limbed and amputee

subjects.

Figure 2.2: Scatter plot of the first three PCs representing overall myoelectric patterns
for 10 amputees (red dots) and 20 intact-limbed subjects (blue dots) (projected using
the same PCA coefficients). The first three PCs explained 54% of the total variance.
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A subject categorization classification accuracy of 90% was found when using

a simple LDA classifier to classify whether the data were from an intact-limbed or

amputee subject based on their overall signal patterns.

Although the signal patterns were distinct when considering all frames and classes

from a given user, no differences were observable between the groups when attempting

to classify a single frame of EMG as being from an intact-limbed or amputee subject.

A mean accuracy of 66% (min: 46%, max: 78%, chance: 50%, prior probability: 66%)

was observed across all subjects and motions classes.

The results of the subject clustering analysis are shown in Figure 2.3. It can

be seen that the difference between the height of the links that connect the top two

clusters, as well as the mean height of the two links directly below, are largest. The

differences between the height of the links also decreased as the number of clusters

increased, plateauing after six clusters were formed.

Figure 2.3: Ward’s linkage dendrogram of the hierarchical clustering of the overall
myoelectric patterns representing the two-group and the six-group solutions. Partic-
ipant numbers are indicated.
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When partitioning into two clusters (at the leftmost vertical dotted line in Figure

2.3), Cluster 1 was found to consist exclusively of the amputee subjects (A1-A10)

and Cluster 2, exclusively of intact-limbed subjects (S1-S20). When partitioning

into six clusters (at the rightmost vertical line in Figure 2.3), the previous clusters

were retained, but with further subdivisions being dominated by amputee subjects.

Cluster 1 was partitioned into 4 subgroups, with 1 subject in Cluster 1A, 4 subjects

in Cluster 1B, 1 subject in Cluster 1C, and 4 subjects in Cluster 1D. The previous

Cluster 2 was partitioned into only 2 subgroups, with 10 subjects in Cluster 2A and

10 subjects in Cluster 2B.

2.6 Discussion

The main purpose of this exploration was to explore how the patterns of intact-

limbed and amputee subjects are organized on the subject-level. The HCA approach

was successful in identifying two distinct subgroups (yielding the highest inconsis-

tency coefficient value: 4.38) based on overall myoelectric patterns. Although it was

expected that there would be differences between intact-limbed and amputee subjects,

it was surprising that an unsupervised learning algorithm could so readily create two

distinct subgroups that discriminate myoelectric patterns of amputees and intact-

limbed subjects nearly perfectly (Figure 2.2 and 2.3). From observation of Figures

2.2 and 2.3, it appears that a different (non-linear) classifier could easily achieve 100%

classification between the groups using only 2-3 PCs.

When the number of clusters in Figure 2.3 were increased from 2-5, one group con-

sisting of all the intact-limbed subjects remained constant while the amputee group

was further partitioned into subgroups. This finding suggests that inter-subject vari-

ability is considerably higher in the amputee population than in intact-limbed sub-

jects. This was further supported by the higher standard deviation of the classification
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accuracies for amputees (Figure 2.1). When the number of clusters was increased to

six (yielding the second highest inconsistency coefficient value: 3.11), intact-limbed

subjects were further divided into two subgroups. Some interesting characteristics

of the six subgroups of subjects were found. For the two intact-limbed subgroups,

Cluster 2A provided slightly higher feature values than Cluster 2B. Cluster 1A, which

contained only subject A4, provided the highest values for amplitude-based features

(MAV and WL) among all subgroups but provided the lowest values for the complex-

ity and frequency information-based features (ZC and SSC). The variance of feature

values for this subject was also very high, which could be due to signal noise or poor

contraction repeatability.

Cluster 1D, which consisted of 4 amputee subjects, provided the lowest values

for the amplitude-based features, but the highest values for the nonlinear complexity

and frequency information-based features. Most subjects in this group were noted to

have had prior experience in using a myoelectric prosthesis, suggesting that learning

may play a role in cross-user differences. Cluster C1 consisted of only subject A3,

the only subject with a left amputated hand and using a cosmetic prosthesis. Both

subjects with an amputation due to cancer were clustered together in Cluster 1B.

No meaningful trends were found for other clinical characteristics such as years since

amputation, the length of residuum, degree of phantom limb sensation, or DASH

(disability of the arm, shoulder and hand) score.

Overall, these findings show that the adoption of data from intact-limbed sub-

jects for the investigation of EMG features, dimensionality reduction, and classifica-

tion algorithms, should be done with caution when focused on clinical applications

for amputees. Specifically, even unsupervised clustering methods identified two dis-

tinct groups of subjects: one with all amputees and the other with all intact-limbed

subjects. Of the subgroups, the amputee subgroup demonstrated much higher inter-

subject variability. These results also suggest that EMG data from amputee subjects
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may be necessary when creating cross-user myoelectric-controlled prostheses, as their

myoelectric patterns encoded in handcrafted features are considerably different than

their intact-limbed counterparts. Conversely, the tighter clustering of intact-limbed

subjects suggests that cross-user models may be viable for the commercial, human-

computer-interaction use case.
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Chapter 3

Inter-User Group Variability

3.1 Introduction

Difficulties accessing amputee research subjects has resulted in the widespread

adoption of intact-limbed subjects in myoelectric control research. Factors such as

scar tissue, different physiologies or surgical outcomes, and reduced visual and propri-

oceptive feedback, however, may contribute to differences in electromyogram (EMG)

patterns between these groups. As such, studies have consistently found worse results

when comparing the performance of amputee subjects to that of their intact-limbed

counterparts under the same conditions. To identify the source of this performance

degradation, a topology-based data analysis method called Mapper was employed.

Mapper facilitates the visualization and characterization of EMG feature spaces de-

rived from amputee and intact-limbed subjects. The information content of amputee

EMG features was found to differ from those of non-amputee subjects in three ways:

1) the loss of nonlinear complexity and frequency information, 2) the loss of time-

series modeling information, and 3) the segmentation of unique information. The

empirical effects of these differences were visualized by classifying motion classes us-

ing features that were represented in similar clusters across groups, or those that
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migrated to different clusters within the amputee population. The work described

in this chapter was published in the 9th International IEEE/EMBS Conference on

Neural Engineering (NER).

3.2 Justification & Feasibility

The prohibitive cost and lack of availability of research prostheses, coupled with

a lack of access to amputee populations, have resulted in many studies resorting to

the testing of intact-limbed subjects to validate control strategies. Studies that have

evaluated both populations, however, have commonly reported lower system perfor-

mance with amputees than with their intact-limbed counterparts [37]. For example,

Scheme and Englehart [10] showed consistent relative trends between the groups when

evaluating different pattern recognition configurations, but with consistently lower

amputee performance. Five transradial amputee subjects experienced higher clas-

sification errors than ten intact-limbed subjects despite training with fewer motion

classes (i.e., 7 and 11 classes for amputee and intact-limbed subjects, respectively).

This performance margin was consistent across the eleven state-of-the-art classifiers

employed in the study, with differences between the subject groups exceeding 10% in

some cases.

Nevertheless, myoelectric control systems intended for amputee populations have

regularly been designed and optimized using intact-limb subjects, naively translat-

ing the results to amputee subjects assuming the solutions apply. While this has

commonly been understood and, in cases, accepted within the field, an explicit in-

vestigation of the credibility of this approach from a design perspective has not been

conducted. Accordingly, the disjoint characteristics between intact-limb and amputee

signal properties were investigated in this work.

Mapper is a topological data analysis (TDA) tool that excels at describing the
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shape of high dimensional data. TDA has been applied as a solution to numerous

challenging problems across a wide array of domains. For example, uncovering the

dynamic organization of brain activity during different tasks [38] or identifying a

subgroup of breast cancer with 100% survival rate and no metastasis [39]. Mapper

has also been applied to explore feature space for physiological signal pain recognition

[40] and EMG-based gesture recognition [1].

Phinyomark et al.[1] used Mapper with intact-limb subjects to characterize func-

tional groups of features, where a functional group defines features that describe

similar sources of information. From this analysis, it was determined that a large

set of features were described consistently across datasets by four functional groups:

signal amplitude and power (SAP), nonlinear complexity and frequency informa-

tion (NLCFI), time-series modelling (TSM), and unique (UNI). Expanding upon this

assessment, our objective was to determine the differences between the functional

feature groups of intact-limb and amputee populations.

For this offline analysis, a public dataset containing both intact-limb and amputee

subjects was adopted. The data were conditioned to include identical sampling rates

for both populations. A large representative set of features was extracted to create

a topological network for each population. When examining these two topological

networks, a feature that was not similarly located in both networks was deemed to

have “migrated”, signifying that the metric encoded different information in the two

populations. This analysis provided a method of highlighting factors that degrade

the translation of models across populations.
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3.3 Methods

3.3.1 EMG Data

This analysis used data from intact-limb and amputee subjects that were col-

lected as part of previous experiments described by Al Timemy et al. in [41] and

conducted according to the Declaration of Helsinki. Briefly, the intact-limb sub-

ject group was comprised of 20 subjects (10 male, age 21.5±0.97; 10 female, age

21.2±0.79). Subjects’ right arms were sanitized with an alcohol solution, and four

pairs of Ag/AgCl electrodes were used to measure the EMG activity of four forearm

muscles during eight hand motions. EMG signals were captured using a sampling

rate of 1024 Hz. For more detail about the intact-limb population data, readers are

encouraged to consult [42]. The amputee subject group consisted of nine transradial

amputees, seven of which were traumatic amputees (male, age 33.7±10.8) and two of

which were congenital amputees (female, ages 19 and 31). Eight pairs of Ag/AgCl

electrodes were placed around the residual limb of the subjects after the site had been

prepared by alcohol and abrasive skin preparation gel. EMG signals were captured

during six finger and hand motions using a sampling rate of 2000 Hz. For more detail

about the amputee data collection process, readers are encouraged to consult [41].

Although different hardware was used, both datasets were pre-processed identi-

cally to minimize the potential effects of external factors such as electrical interference

or motion artefacts. Pre-processing consisted of resampling both datasets to 1000 Hz,

bandpass filtering at 20-500 Hz, and removing power-line interference by notch filter-

ing at 50 Hz. Data were then segmented into 250 ms frames with 50% overlap (125

ms) for feature extraction.
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3.3.2 Feature Extraction

Fifty-eight EMG time domain and frequency domain feature extraction methods

established in the literature, as described in Table 3.1, were employed to define 81

features that captured most known characteristics of the surface EMG signal [43,

41, 44]. The jump from 58 to 81 occurred because some feature extraction methods

provided more than one metric (e.g. autoregressive coefficients). Afterwards, feature

scaling was applied to ensure a zero-mean unit-variance distribution of each feature

across all subjects and muscles. The effect of the different number of channels between

the subject groups was minimized by projecting the values from all channels for a

given feature to a single value using PCA. In this way, each feature was represented

by its first principal component, regardless of the number of channels. This process

resulted in 20–80% of the total variance being encoded in the first principal component

depending on the feature. While there was considerable variability in the variance

encoded across the first principal components of the features, the variance encoded

for the features was similar across the intact-limb and amputee data despite having

a different number of channels.

Ref Feature Extraction Method Name Group

[45] Amplitude of the First Burst AFB SAP

[46] Difference Absolute Mean Value DAMV SAP

[46] Difference Absolute Standard Deviation Value DASDV SAP

[47] Difference Log Detector DLD SAP

[45] Difference Temporal Moment DTM SAP

[47] Difference Variance Value DVARV SAP

[47] Difference v-Order DV SAP

[48] Integral of Electromyogram IEMG SAP

[47] Log Detector LD SAP

[49] Second-Order Moment M2 SAP

[50] Modified Mean Absolute Value 1 MMAV1 SAP

[50] Modified Mean Absolute Value 2 MMAV2 SAP

[51] Mean Absolute Value MAV SAP

[45] Maximum MAX SAP

[52] Multiple Hamming Windows MHW SAP

[52] Mean Power MNP SAP
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[52] Multiple Trapezoidal Windows MTW SAP

[51] Root Mean Squared RMS SAP

[52] Spectral Moment SM SAP

[52] Sum of Squared Integral SSI SAP

[45] Temporal Moment TM SAP

[52] Total Power TTP SAP

[47] Variance VAR SAP

[47] v-Order V SAP

[45] Waveform Length WL SAP

[53, 50] Frequency Ratio FR FI

[54, 55] Median Frequency MDF FI

[54, 55] Mean Frequency MNF FI

[45] Slope Sign Change SSC FI

[47] Zero Crossings ZC FI

[56] Sample Entropy SAMPEN NLC

[56] Approximate Entropy APEN NLC

[47] Willison’s Amplitude WAMP NLC

[56] Myopulse Percentage Rate MYOP NLC

[57] Box-Counting Fractal Dimension BC NLC

[58, 59] Higuchi Fractal Dimension HG NLC

[60] Katz Fractal Dimension KATZ NLC

[59] Maximum Fractal Length MFL NLC

[48] Autoregressive Coefficients AR TSM

[48] Cepstral Coefficients CC TSM

[48] Difference Autoregressive Coefficient DAR TSM

[48] Difference Cepstral Coeffients DCC TSM

[58, 61] Detrend Fluctuation Analysis DFA TSM

[62] Power Spectrum Ratio PSR TSM

[63, 64] Signal to Noise Ratio SNR TSM

[65, 66] Critical Exponent CE UNI

[63, 64] Maximum to Minimum Drop in Power Density Ratio DPR UNI

[45] Histogram HIST UNI

[67, 68] Kurtosis KURT UNI

[45] Mean Absolute Value Slope MAVS UNI

[63, 64] Power Spectrum Deformation OHM UNI

[56] Peak Frequency PKF UNI

[69] Power Spectrum Density Fractal Dimension PSDFD UNI

[67, 68] Skewness SKEW UNI

[63, 64] Signal to Motion Artefact Ratio SMR UNI

[49] Time Domain Power Spectral Descriptors TSPSD UNI

[45] Variance of Central Frequency VCF UNI

[56] Variance Fractal Dimension VFD UNI
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Table 3.1: Functional grouping of features used within this study, as defined by
Phinyomark et al.[1]

3.3.3 Topological Data Analysis

Mapper, a topological simplification technique rooted in topological data analy-

sis, can be used to extract key insights from complex, nonlinear, low signal-to-noise,

highly variable data [1]. By producing a controlled simplification of high-dimensional

data, a topological network robust to perturbations can be created. Here, Mapper

was computed via a four stage pipeline (A diagram of this procedure is given in Figure

3.1):

(1) The raw EMG data were transformed into a point cloud where each point

represented a single feature. To establish this projection, the windows for all sub-

jects within a user group were concatenated into a single row per feature. In this

new extremely high dimensional format, the features underwent principal component

analysis to reduce their dimensionality by removing highly correlated/redundant in-

formation between neighboring windows. The final dimensions of the point cloud

were representative of 95% of the variance of the feature vector, so the remaining

information retained the majority of the meaningful spatial (between channels) and

inter-class information originally characterized by the features. As an example of this

reduction, the intact-limbed dataset contained 38,400 elements for each feature and

was transformed into 28 PCA-dimensional space.

(2) Mapper is able to capture both local and global trends in the data by estab-

lishing a method of dividing the point cloud into a set of overlapped regions. These

regions are defined by a filter function – a function that encodes some global char-

acteristic of the dataset. In our implementation, we computed the k -NN distance

(Euclidean, k=2) for each feature in the lower dimensional space. This filter func-
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tion organizes the features onto a one-dimensional line segment where features that

are close to other features have a low value of the filter function, and those that are

distant from other features have a high filter function value. In our implementation,

the one dimensional line segment was divided into 3 regions with a 50% overlap.

(3) Ward’s HCA was applied to identify local relationships between features

within each region by deriving mutually exclusive nodes that minimized the sum

of squared errors. The clustering was performed using the PCA-representation of

the features; however, this process was conducted independently for the features con-

tained in the different regions defined in stage (2).

(4) Connections were formed between regions indicating the level of mutual in-

formation between nodes using edge thickness. The resulting nodes and connections

formed the topological simplification of the original data cloud.

Analysis of the topological simplification can illuminate the presence of functional

feature groups, where features that characterize similar information are clustered

within the same node or have high edge thickness with connected nodes. Specifically,

for the k -NN filter function, features within groups that occupy low k -NN distance

have strong correlation, whereas high k -NN distance indicates weak correlation. Rep-

etition of this protocol on amputee and intact-limb datasets provides a framework in

which feature grouping differences between the populations can be profiled and areas

where the information content of amputee data is diminished can be identified.

3.3.4 Classification

To provide empirical support for conclusions determined during topological data

analysis, features from the various functional groups were used to build classification

models. Additionally, pairs of key features were used to illustrate a scenario where

features have low correlation to one another in intact-limb subjects (providing unique

information), but are redundant in amputee subjects. For all classification tasks,
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Figure 3.1: Procedure of the Mapper algorithm on template data. (a) The x-axis is
used as the filter function of the point cloud. The colour of each point denotes the
magnitude of the filter function value. (b) Four regions are defined across the range
of the filter function, denoted by rectangular areas. (c) Local clustering is performed
within each region, where points within an encircled area represent constituents of
a node. (d) Nodes from local clustering algorithms are linked to describe global
topology by associating nodes that contain mutual information across regions.
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support vector machine (SVM) classifiers with a linear kernel were trained using a

10-fold cross-validation to determine feature accuracy.

3.4 Results

3.4.1 Mapper

The topological networks constructed using Mapper, which represent the infor-

mation composition of intact-limb and amputee EMG feature space, are shown in

Figure 3.2. The intact-limb and amputee topological networks both have a main

structure shaped like the letter Y, composed of three arms connected to a central

core, and were comprised of 10 and 9 nodes, respectively. Analysis of the composi-

tion of intact-limb nodes revealed clusters of four functional feature groups based on

information content: (1) signal amplitude and power, (2) nonlinear complexity and

frequency information, (3) time-series modeling, and (4) unique features, which are

consistent with the results found in [1]. Examples of features within these functional

groups for the intact-limb network were the RMS and MAV in the signal amplitude

and power feature group; ZC, SSC and ApEn in the nonlinear complexity and fre-

quency information feature group; AR and CC in the time-series modelling feature

group; and HIST and TDPSD in the unique feature group.

The amputee nodes differed from the intact-limb nodes in three notable ways:

(1) a loss of nonlinear complexity and frequency information, (2) a loss of time-series

modeling information, and (3) the spatial segmentation of unique information. Table

3.2 highlights the features that differed between the topological feature networks of

intact-limbed and amputee populations. First, the loss of nonlinear complexity and

frequency information was identified by the migration of MFL, MYOP, and WAMP

features from the nonlinear complexity and frequency information feature group to

the signal amplitude and power feature group. These features rely on the extraction
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Figure 3.2: Topological feature networks. Node size is proportional to the number of
features contained within the node (and which is explicitly given by the labeled num-
ber). Node color is representative of the average filter values, with violet indicative of
low distance and green of high inter-feature distances. (a) intact-limb subjects and
(b) amputee subjects.

of frequency characteristics through the time domain, thus indicating an inability

to capture this information within amputee EMG signatures. Secondly, the loss of

time series modelling information was identified by the migration of seven features,

including the first- and third-order AR and the second- and fourth-order CC, to the

nonlinear complexity and frequency information feature group. Thirdly, the unique

functional feature node location in the topological network experienced partial trans-

lation along the network, moving a portion of its features distal to the nonlinear

complexity and frequency information region. In addition to this so-called migration

(the inclusion of features in a different grouping), the clustering of unique functional

group features changed substantially. This can be seen in Figure 3.2, as evidenced by

the migration of a subset of 22 (14 + 8) of the unique features away from the central

node and distal to the nonlinear complexity and frequency information cluster. Note

that the central unique amputee node was composed of features like HIST, KURT,
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Table 3.2: Feature migrations between the topological feature networks of intact-limb
and amputee subjects.

Feature Intact-Limb Functional Group Amputee Functional Group

MFL NLCFI SAP
MYOP NLCFI SAP
WAMP NLCFI SAP
AR(1) TSM NLCFI
AR(3) TSM NLCFI
CC(2) TSM NLCFI
CC(4) TSM NLCFI
TDPSD UNI (central) UNI (distal)
SKEW UNI (central) UNI (distal)

and SMR, whereas the migrated amputee cluster included features like TDPSD and

SKEW. This suggests that TDPSD, although a popular feature set that has been

validated with intact-limb and amputee subjects, contains different gesture-specific

information in the spectral moments of the two populations.

3.4.2 Classification

The SVM gesture recognition accuracies for both datasets were computed and

presented in Table 3.3 for a subset of select features common to the four functional

feature groups. Within the table, features are distinguished as migrated (M) when

they changed functional feature groups across populations and constant (C) when

they remained within the same functional feature group.

3.5 Discussion

Inspection of the topological networks showed that the majority of features were

clustered within the same functional groups between both populations. Without ex-

ception, signal amplitude and power features remained within their functional group,

signifying that amplitude information remains consistently available between intact-
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limb and amputee subjects.

Not all features remained consistently clustered, however, implying that the op-

timal feature sets determined using intact-limb data through feature selection tech-

niques (like sequential forward selection) may be sub-optimal for amputees if the se-

lected features provide fundamentally different information than originally intended.

Specifically, when feature sets are translated across populations, performance degra-

dation may be at least partially explained by increases in information redundancy

caused by feature migration.

From Table 3.3, everything being equal, amputee performance should have ex-

ceeded intact-limb performance due to the inclusion of more measurement channels

and fewer motion classes. However, nearly all features showed consistent or worse per-

formance on the amputee dataset. The effect of information redundancy can be seen

in AR+ZC, where intact-limb features capture time series modelling, and nonlinear

complexity and frequency information, whereas amputee features capture only non-

linear complexity and frequency information, resulting in similar performance despite

an easier classification task (less motion classes, more EMG channels).

Table 3.3: SVM classification accuracy of key EMG features on intact-limb and am-
putee datasets

Feature Intact-Limb (%) Amputee (%) Migrate (M/C)
RMS 85.00 84.86 C
MAV 85.61 85.30 C
ZC 78.16 65.29 C
SSC 71.76 63.70 C
MFL 89.32 85.92 M

MYOP 80.86 75.10 M
WAMP 85.20 75.17 M

AR 79.85 84.84 M
CC 76.97 84.58 M

HIST 75.09 67.27 M
TDPSD 90.48 89.41 C
AR+ZC 86.11 86.17 M+C
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While feature migration provides some insight into areas of performance degra-

dation, these migrations have yet to be tied to specific physiological factors. The

sources of performance degradation for amputees are likely due to numerous factors,

such as the loss of visual and proprioceptive feedback beyond the amputation site.

Additionally, signals from traumatic amputees may be hindered by scar tissue and

post-amputation plasticity of the cortical somatotopic map [70], introducing inter-

subject nerve signal propagation variability. For congenital amputees, neither scar

tissue nor change in cortical somatotopic map are generally a concern; however, some

inter-subject variability in muscle geometry is still present. In spite of the general

knowledge of these factors, intact-limb subjects have remained the standard baseline

for myoelectric control research for practical reasons.

In Chapter 2, the amputee population was found to have much larger inter-

subject variability than the intact-limb population. Consequently, the topological

feature network produced from the pool of subjects used in this chapter may not

generalize to every subject, particularly for the amputee population. Future research

should analyze the stability of trends found in topological feature networks when

generated on different scales: the population scale, analyzing differences between

intact-limb and amputee subjects (as was performed in this chapter); the sub-group

scale, analyzing differences between the clusters of subjects derived from HCA (as was

outlined in Chapter 2); and the subject level, analyzing the differences between the

repetitions of gestures. Such an analysis could provide greater insight to guide future

research for both amputee and intact-limb user gesture recognition. Nevertheless, the

current study provides insight into the features to avoid when designing cross-user

group models.

In conclusion, this chapter explored the differences in information content be-

tween features extracted from intact-limb and amputee populations. Specifically, the

migration of EMG features to different functional groupings highlighted meaningful
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differences in information content between the two subject groups and should be con-

sidered during future experiments. Taking these differences into consideration may

help inform the design of feature sets or experimental conditions that better allow for

translation of results from intact-limb subjects to amputee end users.
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Chapter 4

Cross-Subject Models for Reduced

Training Effort

4.1 Introduction

A current limitation to greater adoption of myoelectric control is the lengthy data

acquisition required to train a reliable pattern recognition system. In this chapter,

an adaptive domain adversarial neural network (ADANN) model is used in a cross-

user framework to adapt from a pre-trained model to a new end-user with minimal

training data. This framework is compared with a convolutional neural network

(CNN) and several canonical correlation analysis (CCA) pipelines as current state-

of-the-art approaches for myoelectric control with minimal training data. Informed

by the differences seen in Chapters 2 and 3, results are compared for both an intact-

limbed population (10 subjects) and an amputee population (5 subjects).

4.2 Justification & Feasibility

In 2008, Saponas et al.[71] performed a proof-of-concept of cross-subject clas-

sification models. In the experiment, they used a forearm electrode cuff to capture

32



hand and finger gestures from 12 subjects. A 12-fold, leave-one-subject-out, cross-

validation provided the framework for the assessment of model robustness and signal

variance between subjects. Recognition of six finger lift gestures from previously un-

seen subjects achieved average classification rates of 57%. Despite the relatively poor

performance of the system (relative to traditional within-subject results), the model

performed considerably better than chance (1 in 6, or 17%) suggesting the poten-

tial for developing cross-subject classification models for myoelectric control systems.

Kim et al.[72] later corroborated that standard classification models, without im-

plementing additional methods to extract the user-independent EMG patterns, can

yield classification rates above chance (41% for a four-class classification problem),

but that the further development of novel algorithms for cross-subject classification

models is necessary.

Xiang et al.[73] identified a set of gestures that were more user-independent that

could be coupled with cross-subject classification models. In an offline experiment,

data from four subjects collected over five days were used to train a classifier to rec-

ognize gestures from six unseen subjects. Eleven different user-independent gesture

sets containing five, six, or eight gestures were evaluated. The range of gesture set

classification accuracies achieved, 76%–90%, indicated that the accuracy of these ges-

ture sets could approach viability for commercial applications of cross-subject mod-

els. Gesture class separability, however, was non-uniform across subjects; three test

subjects achieved good class separability, whereas others suffered from poor perfor-

mance. In an online experiment, data from 10 subjects collected over four days were

used to recognize two sets of six and eight gestures from 50 unseen subjects using a

set of time domain features (MAV and the fourth-order AR model coefficients) and

a linear Bayes classifier. Facilitated by the increased numbers of training subjects,

cross-subject classification rates for the six and eight gesture sets achieved 90.7% and

81.3%, respectively. Hand gestures found to provide strong user-independence include
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flexion and extension of the wrist, hyper-extension of palm, and hand grasp.

An alternative solution was proposed by Matsubara and Morimoto [74], wherein

they removed unwanted information using a bilinear model. This procedure involved

adapting a parameter matrix that segmented motion-dependent and user-dependent

information for each gesture. This matrix was then used to effectively remove user-

dependent information from new subjects, thus removing the necessity for user-

specific data collection and classifier training. Using the user-independent features

extracted from the bilinear EMG model with an SVM classifier, the proposed method

increased performance from 54% to 73% while decreasing the learning time from 830

seconds to 6 seconds as compared with the standard classification model.

A subsequent study employed CCA driven by a similar motivation [8]. CCA de-

vises a pair of linear transformations that maximize the correlation between a pair of

feature matrices of different domains in the transformed space. Following the same

cross-validation method as Saponas et al.[71], CCA was validated using 10 intact-

limbed subjects as the expert users to recognize 12 finger gestures from 6 transradial

amputees (with varying levels of amputation). Once adapted, the proposed CCA

framework produced comparable or better results for the amputee test subjects than

if their own training had been used in a conventional within-subject framework (av-

erage classification accuracies greater than 82% across all subjects). Another CCA-

based study examined the combination of user- and position-independence [75]. The

position-independent CCA algorithm was assessed using 10 new subjects and achieved

an LDA classification accuracy improvement of 44.2% over the same algorithm with-

out CCA. Through these experiments, CCA was established as the state-of-the-art

for cross-user myoelectric control.

Deep learning architectures have also begun to be tailored for EMG in order to

develop subject-independent classification models [76]. Early in its development, deep

learning was not used with EMG signals due to the lengthy procedures required to
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amass the necessary amount of training data; however, transfer learning serves as a po-

tential solution to aggregate a sufficiently large dataset by learning generalizable fea-

tures from multiple subjects [24]. In recent work, CNN-enabled subject-independent

transfer learning achieved a 98.3% classification accuracy for 7 hand and wrist gestures

collected from 17 subjects. Using the Ninapro database, this deep-learning architec-

ture also achieved a 65.6% classification accuracy for 18 hand and wrist gestures

collected from 10 participants using the Myo armband device. Even more recently,

a novel deep learning architecture, ADANN, developed for subject-independent my-

oelectric control, obtained higher accuracy than the CNN-based transfer learning of

the aforementioned study [25]. Accuracy improved by 19.4% on average when evalu-

ated with intact-limbed subjects; however, no assessment of model performance has

been conducted on an amputee population to date. Based on the increased vari-

ability and different feature information content observed in the preceding chapters

the viability of such an approach is not guaranteed with amputee subjects. Further-

more, the results of these previous works have focused more on subject-independent

models, wherein similar amounts of training data were used for all subjects. While

the proposed approaches led to improvements compared to no adaptation, this does

not necessarily address the desire to reduce the training burden on any one given

end-user.

Consequently, in this work, a solution was sought that may work for amputee

subjects and reduced the training effort for end-users. Results are presented through a

novel cross-subject training framework using leave-one-subject-out evaluation, wherein

data from all subjects but one are used to pretrain the weights of an ADANN model.

Using a single repetition of the held-out subject, the batch normalization parame-

ters are computed to adapt to the domain of that subject. This framework therefore

demonstrates the performance that a novel subject could expect with minimal train-

ing data instead of the more traditional cumbersome protocols used in research and
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in practice. This proposed method is validated against other subject-independent

techniques, including several handcrafted feature sets with and without CCA pro-

jection learned using a single repetition, and a convolutional neural network with a

comparable architecture to ADANN.

4.3 Methods

4.3.1 EMG Data

Intact-limb and amputee datasets, previously collected at the University of New

Brunswick and the Shirley Ryan Lab, were adopted for this study [77, 78]. The intact-

limbed dataset contained 10 subjects, and the amputee dataset contained 5 subjects.

All subjects followed a lengthy data collection protocol consisting of 16 repetitions

of 10 gestures, where each gesture was sustained for four seconds. These repetitions

were used to establish a training set using the first eight repetitions of each subject’s

data. The remaining eight repetitions were used to establish the validation set for

the deep learning cross-subject models. As suggested by Xiang et al., data from only

7 classes were used (no movement, wrist flexion, wrist extension, wrist pronation,

wrist supination, power grip, and hand open) to evaluate a more clinically realistic

configuration of the subject-independent models. Additionally, these classes were

adopted to provide a more realistic use case for the amputee population, as amputee

subjects often have difficulty producing distinct muscle patterns for classes requiring

dexterous finger control (e.g. chuck grip, key grip, pinch grip) [73].

Both datasets were collected using the same hardware. Ten duotrode electrodes

(Myotronics, Inc.) were recorded each at 1000 Hz using a 16-bit analog-to-digital

converter. Signals were preprocessed using an analog 5th-order anti-aliasing filter

with cut-off frequency of 500 Hz. For intact-limb subjects, electrodes were placed

around the circumference of the forearm at the widest area with positions being
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as similar as possible across subjects. A similar approach was taken with amputee

subjects, although electrode positions deviated slightly to best cover the residual

muscle.

Data were further processed using digital filters. A 2nd-order infinite-impulse

response notch filter with 60 Hz cutoff frequency was implemented to minimize pow-

erline interference. Similarly, a 5th-order high-pass filter with a 20 Hz cutoff frequency

was used to minimize motion artefacts. Finally, overlapping windows were extracted

with window size and window increment of 151 ms and 50 ms, respectively.

4.4 Classification Models

4.4.1 Conventional Classification using Canonical Correla-

tion Analysis (CCA)

Although deep learning is becoming more pervasive in EMG pattern recognition,

the current state-of-the-art approach for minimizing training time arguably remains

the CCA-based projection of handcrafted features [8]. CCA is a statistical method

appropriate for domain adaptation because its objective is to maximize correlation

between two paired datasets: {(xi, ti)}ni=1, where xi ∈ Rd is an expert subject dataset,

and ti ∈ Rk is the target subject dataset. Features within the datasets are standard-

ized to zero-mean and unit-variance to ensure that the dataset is centered and avoid

the need to learn a bias term. The datasets are considered paired by organizing the

datasets to have same procession of class labels. In modern implementations of CCA

[79], least squares regression is applied to learn an optimal linear projection W ∈ Rd×k

that minimizes the cost function given in Equation 4.1.

min
W

f(W ) =
n∑

i=1

||W T ti − xi||22 (4.1)
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Regularization is introduced in Equation 4.2 to penalize large parameter values

of W through an additional term λwj, where λ is a small positive scalar (0.04 in this

study) and wj is the jth eigenvector of W .

L2(W,λ) =
k∑

j=1

(
n∑

i=1

(wT
j ti − xi)2 + λ||wj||22) (4.2)

After the linear projection has converged to a solution, the target subject dataset

can be mapped to the expert subject dataset using Equation 4.3.

tx,i = W T ti (4.3)

For classification tasks, such as in this work, this algorithm is repeatedly applied

to learn the projections between all subjects in a training set and a single “expert”

subject, so as to minimize inter-subject variability. Once mapped, the large multi-

subject training dataset can be used to train a conventional gesture classification

model. A new target subject is then accommodated by learning the projection from

a single repetition of each gesture to the expert subject’s domain. This projection is

then applied to the remaining repetitions from the target subject prior to classifying

them using the global gesture classification model. A diagram of this procedure is

given in Figure 4.1.

Five handcrafted feature sets were chosen to undergo CCA projection in this

analysis due to their prevalence across the literature:

• The Hudgins’ time domain (TD) features are perhaps the most commonly used

EMG feature set and include the MAV, ZC, SSC, and WL features [80].

• The TDAR feature set provides an extension to the TD feature set by adding

the fourth order AR coefficients.

• The TDPSD feature set was developed to increase robustness to limb position
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Figure 4.1: CCA procedure when subject N-1 is the expert user and subject N is the
target user. The CCA element indicates the CCA procedure is performed on the two
inputs and the projection found from a least squares regression are output. The

⊗
indicates the operation of applying the projection.

and contraction intensity by adding a combination of statistical moments and

nonlinear scaling; the 0th, 2nd, and 4th order statistical moments, sparseness,

irregularity factor, and waveform length ratio.

• Low sampling frequency (LSF) feature sets have been proposed as a robust

alternative when data are acquired at 200 Hz (as opposed to the more traditional

1000 Hz), although subsequent studies have demonstrated high performance at

1000 Hz as well. The LSF4 feature set contains maximum fractal length, l-score,

mean-squared ratio, and Willison’s amplitude.

• The LSF9 feature set expands upon the LSF4 set, adding zero crossings, root

mean square, integral of the EMG, difference absolute standard deviation, and

variance.

An LDA classifier was adopted to classify these handcrafted feature sets due
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to its extensive use in EMG pattern recognition literature and low computational

complexity [81].

4.4.2 Convolutional Neural Networks (CNN)

Convolutional Neural Networks were used to test two scenarios: the difference

between handcrafted and deep learning features within-subject and the effectiveness

of deep learning approaches when applied without domain adaptation. Consequently,

CNNs were applied in both within-subject and cross-subject frameworks, where the

within-subject framework is trained for each subject in isolation, and the cross-subject

framework is trained on a collection of subjects and then naively applied to a new,

previously unseen subject.

CNNs have previously been used in several within-subject EMG pattern recog-

nition systems and achieved high performance [82, 9, 24]. CNNs have likewise been

used for cross-subject EMG studies; however, without an adaptation strategy cross-

subject performance remains suboptimal [83, 84, 24]. Adaptation strategies that have

resulted in high cross-user performance are transfer learning [24], supportive model se-

lection [84], adaptive instance normalization [85], and adversarial training [86]. The

CNN architecture selected for this study for both within-subject and cross-subject

therefore had no adaptation strategies to provide a benchmark for deep learning and

provide contrast to the ADANN network that does apply adaptation strategies.

The kernel employed in conventional CNN architectures allows for the spatial

information of the problem to be leveraged. In EMG, this consists of information from

across electrodes but also in the temporal information within channels (over a short

duration). The implementation of the CNN architecture contained 6 convolutional

blocks followed by a single linear layer, as given in Figure 4.2.

The windows of data were first arranged into 10×151 (channels × samples per

frame) dimensional input vectors. Within each convolutional block, the inputs were
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Figure 4.2: CNN network architecture used in this study, where B# indicates the
block number.

transformed by a convolutional layer that consisted of 64 kernels of size 1×21 (single

channel × 21 samples). This produced 64 feature maps of activation values. Af-

terwards, these activations were regularized by batch normalization to stabilize and

accelerate convergence during model training. The batch normalization transform is

given in Equation 4.4, where x(k) denotes the kth example within a batch, x̂(k) denotes

the element after regularization, µB and σB denote the mean and standard deviation

of the batch, and m denotes the momentum term.

x̂(k) = (1−m)× x(k) − µB√
σ2 + ε

+m× x(k) (4.4)

The momentum term was set to 0.99. A leaky rectified linear unit, with negative slope

of 0.1, provided a nonlinear mapping to segment the different blocks during training.

Prior to making outputs available to the next block, dropout was implemented with a

probability of 0.35 to improve generalizability of the model to unseen samples. After

the 6 convolutional blocks, the linear layer anticipated an input of 64×10 (number

of features x number of channels). This was transformed to a 7×1 output vector

which represented the number of classes in the dataset. A softmax was applied to the

output and the highest activated neuron was assigned as the predicted gesture.

The model hyper-parameters were selected according to values found suitable in

past experiments and through iterative optimization. The learning rate was 0.04047

and the Adam optimizer was employed [87]. The cross entropy between the predicted
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and true labels was used as the loss function during training. The model was trained

using a batch size of 256 windows. The learning rate decreased as training progressed

according to a heuristic that monitored training and validation loss. If the loss did

not achieve a new minimum within 15 epochs, the learning rate was decreased by a

factor of 5, and the training procedure was considered complete when the learning

rate dropped below 1e-8.

4.4.3 Adaptive Domain Adversarial Network (ADANN)

The ADANN followed an identical topology and training strategy to the CNN

network described in the previous section, with the addition of two domain adaptation

techniques: adaptive batch normalization and domain adversarial training.

Adaptive batch normalization is a domain adaptation technique that encodes

domain-specific information in sets of batch normalization parameters and class-

specific information in the weights and biases of the network [85]. This is achieved

by associating a set of batch normalization parameters to each subject during train-

ing but using common weights and biases across all subjects. During training, the

mean and variance of activations within a feature map were tracked; this resulted in

128 parameters per block being trained to encode domain information. In contrast

to regular batch normalization, which is used for regularization during training but

not after, the adaptive batch normalization parameters associated with a subject are

retained to adapt activations after training. This enables a model that is pretrained

using a large number of subjects with multiple repetitions of gestures to be adapted

to an unseen subject by learning their batch normalization parameters using a small

amount of data (here, a single repetition of each gesture).

Domain adversarial training is another technique used by ADANN that can im-

prove generalization of the model to different domains (subjects) [86, 25]. Domain

adversarial training relies on the network having two heads with which to simulta-
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neously predict the elicited gesture and the subject who elicited that gesture during

training. The heads consist of linear layers that operate in parallel to produce pre-

dictions on different characteristics of the data provided the same input from the

convolutional blocks. These layers result in two loss terms, a gesture prediction loss

(Ld) and a domain divergence loss (Ly). Standard backpropagation is used for the

gesture prediction loss; however, the divergence loss is reversed (multiplied by -λ) for

all convolutional blocks. In theory, this training strategy penalizes domain-specific in-

formation by regularizing across-subjects while encoding gesture-specific information.

Effectively, the system is trained to be able to differentiate between gestures while

being unable to differentiate between users. An appropriate penalty was observed

when λ was set to 0.1, as suggested in past works [25]. A diagram of this process is

given in Figure 4.3.

Gradient Reversal

{xs,ys}

{xt} Domain Divergence (   )

Gesture Prediction (   )

Features
Extraction

Domain head

Classification
 head

Figure 4.3: Domain adversarial training diagram depicting how a penalty is issued
for domain-specific features. xs, ys, and xt represent the input signals, class label,
and subject label, respectively.

The domain adversarial training was further optimized by using only two out-

put neurons when computing the domain divergence loss. These neurons represent

whether the input comes from a particular subject or from any other subject. This

strategy, as opposed to using a neuron for each subject in the training set, enabled

the domain to be distinguished with a higher degree of certainty, resulting in a more

appropriate penalty term. During each epoch of training, a random subject from the
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training set was selected as the particular subject, which ensured an approximately

equal representation over the course of training. Balance between the domain labels

was achieved by ensuring half the batch was from the selected subject, and the re-

mainder was from other subjects. Inputs that originated from the selected subject

were issued a subject label of 1, whereas the remaining inputs were issued a label of

0. Domain divergence was computed via cross entropy between the issued subject

labels and the predictions of the domain head.

4.5 Evaluation Frameworks

The performance of the classification models were validated using three different

evaluation frameworks: (a) a within-subject framework to establish an upper baseline

accuracy when subjects supply data using a full training protocol, (b) a within-subject

framework to establish a lower baseline accuracy when subjects supply only a single

training repetition, and (c) a cross-subject framework to establish the benefit of using

adaptation from a single training repetition.

Within-subject framework: The within-subject analysis was performed in-

dependently for each subject. The dataset was bisected into a training set (8 rep-

etitions) and a testing set (8 repetitions) for each subject. For this analysis, as no

adaptation was necessary, the handcrafted feature sets were used without CCA, and a

conventional CNN network was tested to evaluate the performance of a deep learning

approach. The results were computed for the two groups (intact-limb and amputee

populations). A diagram depicting the organization of data for the analysis of a single

subject is shown in Figure 4.4a.

Single repetition framework: The single repetition analysis was, likewise, per-

formed independently for each subject. In contrast to the within-subject framework,

only one repetition was used for the training set to establish the impact of reduced
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training data. Again, no adaptation was used for this framework, and CCA was not

needed. Because of the limited amount of data, and because there were no additional

repetitions available to serve as a validation set for deep learning, only the hand-

crafted feature sets were evaluated in the single repetition framework. A diagram

depicting the organization of data for the analysis of training with a single repetition

is shown in Figure 4.4b.

Cross-subject framework: The amputee and able-bodied datasets were eval-

uated similarly, but separately, each using a leave-one-subject-out cross-validation

scheme. For each iteration/fold, a different subject was selected as the novel target

subject who would use the myoelectric device after a reduced training protocol. All

other subjects were considered training subjects and had their data bisected into an

equal training set and validation set (8 repetitions per set). In each of the ADANN,

CNN, and CCA frameworks, the training set was used to establish an initial classi-

fication model for the target subject using an equal amount of data. The validation

set was then used in the ADANN and CNN cases to ensure that the models were

not overfit by monitoring the divergence between their training and validation losses.

In each fold, the target subject’s data was divided into three segments: an unused

segment that corresponded to the training data in other folds of the cross-validation

(8 repetitions), an adaptation set that was used to learn the parameters required to

adapt the model to the target subject (1 repetition), and a testing set with which the

accuracy of the adapted classifier was computed (7 repetitions). A diagram depicting

a single fold of this cross-validation is shown in Figure 4.4c.

The performance of the models was then computed as the average performance

across all test subjects. Statistical significance was evaluated using an analysis of vari-

ance (ANOVA) test, with a significance value of p=0.05. If differences were found,

a posthoc Tukey honestly significant difference (HSD) test was performed to deter-

mine which pairs of cross-user models were significantly different. These tests were
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Figure 4.4: Evaluation frameworks shown for one fold of cross-validation. (a) Within-
subject framework, (b) Single-repetition framework, (c) Cross-subject framework.

repeated for the intact-limbed and amputee subject populations independently.

4.6 Results

The performance of each of the within-subject, single-repetition, and cross-

subject classification models are given for the intact-limb and amputee datasets in

Figures 4.5 and 4.6, respectively. The ANOVA for the within-subject models revealed

a significant interaction of the models for the intact-limb population (intact-limbed:

F=3.34, p = 0.0106; amputee: F=1.4, p = 0.2591). From the posthoc test, the within-

subject CNN model was found to be significantly different than the TD feature set

for intact-limb subjects (p = 0.0086).

Likewise, the ANOVA for the single repetition models revealed a significant

interaction of the models for the intact-limb populations (intact-limbed: F=3.97,

p = 0.0077; amputee: F=0.67, p = 0.6177). For intact-limbed subjects, the TD and

46



Figure 4.5: Performance determined for intact-limb subjects during the three evalu-
ation frameworks. (a) within-subject models, (b) single repetition models, (c) cross-
subject models.

TDAR feature sets were significantly different than the LSF4 feature set (p = 0.0429

and 0.0458, respectively). Finally, the ANOVA for the cross-subject models revealed

a significant interaction of the models for both populations (intact-limbed: F=91.81,

p ∼ 0; amputee: F=21.8, p ∼ 0). The handcrafted feature sets that did not undergo

CCA were significantly different than all CCA models and deep learning approaches

for the intact-limb population (p ∼ 0). Additionally, the ADANN model was sig-

nificantly different than all CCA models (p = 0.001, 0, 0.0258, 0.0074, and 0.0002

for CCATD, CCATDAR, CCATDPSD, and CCALSF9, respective), aside from CCALSF4

(p = 0.1853) for intact-limbed subjects. Likewise, the unadapted handcrafted fea-
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Figure 4.6: Performance determined for amputee subjects during the three evaluation
frameworks. (a) within-subject models, (b) single repetition models, (c) cross-subject
models.

ture sets were significantly different than the CCA models and deep learning models

with the exception of the interaction between TDPSD and CCATDPSD (p = 0.105)

for the amputee population. Moreover, the ADANN model on the amputee popula-

tion was significantly different than all CCA models (p = 0.0001, 0, 0.0001, 0.0008, 0,

and 0.0061 for CCATD, CCATDAR, CCATDPSD, CCALSF4, and CCALSF9, respectively).

Notably, ADANN easily achieved the highest accuracies of 96.2% and 84.2% for intact-

limb and amputee populations, respectively, a considerable margin above the second

best cross-user model accuracy (CCALSF4: 86.8% and 62.6% for intact-limb and am-

putee populations, respectively).
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4.6.1 Computation Time

The computation time for pretraining the ADANN network on intact-limb and

amputee subjects was 65 (44) and 45 (60) minutes (epochs), respectively, while the

time to adapt to a novel subject was 47 seconds. The computation time for training

the CNN network for intact-limb and amputee subjects was 76 (133) and 51 (180)

minutes (epochs), respectively. The CCA framework took 15.2, 21.1, 10.5, 14.9, and

37.6 seconds to adapt to a novel intact-limb user and 11.8, 18.0, 8.3, 12.9 and 35.3

seconds to adapt to a novel amputee user using the TD, TDAR, TDPSD, LSF4, and

LSF9 feature sets, respectively. These results indicate that, while adaptation is faster

for the CCA framework than the ADANN network, all adaptations were completed in

far less time than the time necessary to collect sufficient data for a full within-subject

model.

4.7 Discussion

Although ADANN has previously been proposed as a possible solution for subject-

independent pattern recognition [25], this is the first successful demonstration of

ADANN within a cross-user framework. The ADANN model significantly outper-

formed the CNN and CCA models, demonstrating the benefit of adversarial training

and adaptive batch normalization when minimal training data are available. Despite

the similar structure to the CNN, the use of subject-specific penalties implemented by

adversarial domain training resulted in the weights of the ADANN model being more

appropriate for translation to the target subject. Without this explicit penalty for

subject-specific information, the CNN architecture performed similarly to the CCA

models using modern feature sets. The adaptive batch normalization of the ADANN

network tailored the network to the target subject while minimizing the likelihood of

overfitting/underfitting given the limited data. By computing these batch normaliza-
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tion parameters of the target subject, the ADANN network was able to adapt under a

condition that quickly achieved stability with only a single repetition of each gesture.

In contrast to the pretraining procedure of the ADANN network, overfitting/under-

fitting of the CNN network could not be mitigated if neural weights were allowed to

be modified during adaptation, as a validation set was unavailable for this process.

As a result of these differences, ADANN was shown to be significantly better than

the previous state-of-the-art for both intact-limb and amputee populations.

Although deep learning models are a growing trend in recent EMG literature

[82, 24], the conventional within-subject analysis indicated that deep learning did

not yield a significant improvement over modern handcrafted feature sets (TDAR,

TDPSD, LSF4, LSF9). Within this study, gestures were conducted in a controlled

environment where limb position, contraction intensity, continuous transitions be-

tween classes, and other factors that degrade model accuracy were minimized. In

studies that address these factors using deep learning, the flexibility of a data-driven

feature extraction combined with a regularization term across conditions of the factor

typically does lead to significant improvements over handcrafted models. For instance,

Betthauser et al.[88, 89] employed a temporal convolutional network in the presence of

continuous class transitions and achieved significant accuracy and responsiveness im-

provements over handcrafted feature models and standard deep learning models (long

short term memory, artificial neural network). In contrast, studies that address these

factors using handcrafted feature models employ different strategies to achieve simi-

lar robustness, but require that the features, or their behaviour, be explicitly defined.

For instance, Amsuss et al.[90] improved robustness to continuous transitions using a

post-processing algorithm on the posterior probability of a handcrafted feature model.

In short, deep learning models do not have an inherent advantage over handcrafted

feature models for myoelectric control, although they may model characteristics not

yet learned within the community with handcrafted models. Therefore, handcrafted
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feature sets or deep learning models may similarly achieve meaningful improvements

over the current state of the art approaches in EMG pattern recognition when an

appropriate adaptation technique is applied.

Despite ADANN being the best solution for intact-limb and amputee cross-subject

conditions, the performance was 12.0% lower for amputee populations than intact-

limb populations. This finding was consistent across all cross-subject models evalu-

ated, where a 19.6, 21.7, 24.3, 26.2, 20.3, and 14.5% lower accuracy was found for the

CCATD, CCATDAR, CCALSF4, CCALSF9, CCATDPSD, and CNN models, respectively.

Scheme and Englehart [10] noted in previous works that a decrease in accuracy is

typical when models are compared between populations. A number of additional

factors beyond the difference in population, however, may contribute towards this

margin. First, the electrode placements were replicated less consistently across am-

putee participants to leverage residual muscle activity. To validate this concern, a

future study could investigate the performance of cross-user models when electrode

placements are as similar as possible across the population or explicitly leverage the

residual muscle of the amputee subjects. Khushaba et al.[8] has proposed CCA would

be robust to changes in electrode positions between users with results in support of

this hypothesis; however, validation on additional data sets may be necessary. Sec-

ond, the sample size of the populations may magnify this effect as all cross-subject

models relied on leveraging inter-subject variability from a pool of users. To validate

this concern, a supplementary test was conducted where the intact-limbed ADANN

model was limited to using the first 5 subjects for the initial training procedure. The

resulting accuracy when supplied less inter-subject variability was 92.1% compared

to 96.2% when 10 subjects were used. Therefore, the difference in accuracy between

populations was partly attributed to the difference in available subjects for each popu-

lation, the variability of electrode positions for amputee subjects, and intrinsic factors

leading to the larger inter-subject variability between amputee subjects.
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The CCA results obtained in this study do not agree with the original article that

proposed CCA to reduce training burden despite replicating their proposed methods

[8]. In that work, results suggested that a CCA-based cross-subject approach could

outperform within-subject models trained using single repetitions. First, the between-

subject CCA models all performed worse than their corresponding within-subject

non-adapted models (from Figure 4.5a vs. 4.5c and 4.6a vs. 4.6c). Second, and

more importantly, the between-subject CCA models did not result in a noticeable

improvement over the single repetition models for any feature set (from Figure 4.5b

vs. 4.5c and 4.6b vs. 4.6c). The use of CCA adaptation instead of training a classifier

with the single repetition resulted in a reduction in accuracy of 3.2, 4.2, 5.4, 3.7, and

5.7% (1.6, 1.0, 3.8, 2.9, and 1.4%) for intact-limb (amputee) TD, TDAR, TDPSD,

LSF4, and LSF9 feature sets, respectively.

In light of the large difference between the anticipated and actual effectiveness of

the CCA adaptation, a follow-up analysis was conducted under similar circumstances

to those used by Khushaba et al.[8]. In Khushaba et al.[8], the CCA adaptation was

applied on the TDPSD feature set for an amputee target user, using the other amputee

subjects to aggregate the training set; however, an intact-limbed subject was used as

the expert subject. From this analysis, the use of intact-limb expert users instead of

amputee expert users resulted in a considerable increase in accuracy from 59.8% to

66.3%. This outcome was somewhat unexpected given the disparity between intact-

limb and amputee populations determined in Chapter 2 and the migration of the

TDPSD feature in Chapter 3. However, in Chapter 2, subject groupings (intact-limb

or amputee) could not be classified using a single window of data. Because CCA also

uses a single frame at a time when computing its least squares regression, the intact-

limb and amputee experts could be interchangeable in this regard. Additionally,

because the CCA adaptation was computed by maximizing the correlation of the

features to that of the expert user, the migratory component of the TDPSD feature
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set was minimized and, therefore, had little effect on the classifier boundaries.

Finally, the improvement found when using an intact-limb expert user likely

stemmed from learning a mapping (through what was effectively an supervised pro-

jection) from the less separable feature space of the amputee subjects to the more

separable feature space of an intact-limb subject. Although class labels were not ex-

plicitly passed to the CCA adaptation, the datasets within the adaptation were always

paired to represent an identical progression of gestures. Despite this improvement,

there was no significant difference found between the single repetition framework

and the intact-limb expert user for amputee target user analysis (63.6% vs. 66.3%,

p > 0.05). The remaining difference in model effectiveness was likely associated with

the difference in feature space between the classification tasks. In Khushaba et al.[8],

individual finger movements and combinations of finger movements were used as the

gesture set. These finer gestures are largely produced by intrinsic hand muscles, and

therefore typically yield a less separable feature space, especially for amputee sub-

jects [73]. Consequently, the availability of the highly separable feature space of an

intact-limb expert user may have allowed the CCA accuracy to exceed the within-

subject accuracy of the amputee subjects. Nevertheless, the ADANN cross-subject

model outperformed the CCA cross-subject model on a gesture set that more similarly

mirrors gestures performed using commercial prosthetic devices.

Further studies on the ADANN architecture for cross-subject gesture recognition

should be conducted to validate results presented in this chapter. It is widely ac-

cepted that accuracy derived from offline experiments (data stored then processed at

a later date) does not always corroborate performance of the same architecture in an

online experiment (data immediately processed to control an actuator) [91]. Although

the accuracy from this model was significantly higher than the past state-of-the-art

pipeline (CCA), these results should be validated during real-time use of myoelectric

devices.
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Chapter 5

Synthetic Data Generation

5.1 Introduction

Although the results of Chapter 4 provide compelling evidence for the suitabil-

ity of cross-subject models, the collection of at least some data from a target subject

remains necessary. Motivated by recent advances in deep learning-enabled image gen-

eration, this chapter proposes a framework to further reduce the training burden by

augmenting short subject-specific training protocols with synthetic electromyography

(EMG) data generated using a deep generative network, known as SinGAN. The aim

of this work was to produce high quality synthetic data that could improve classifica-

tion accuracy when combined with a limited training protocol. SinGAN was used to

generate 1000 synthetic windows of EMG data from a single frame of six different mo-

tions, and results were evaluated qualitatively, quantitatively, and in a classification

task. Qualitative assessment of synthetic data was conducted via visual inspection

of PCA projections of real and synthetic feature space. Quantitative assessment of

synthetic data revealed 11 of 32 synthetic features had similar location and scale

to real features (using univariate two-sample Lepage tests); although multivariate

distributions were found to be statistically different (p <0.05). Nevertheless, the ad-
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dition of these synthetic data to a brief training set of real data significantly improved

classification accuracy in a cross-validation testing scheme by 5.4% (p <0.001). The

work described in this chapter has been published in the 42nd Annual International

Conferences of the IEEE Engineering in Medicine and Biology Society.

5.2 Justification & Feasibility

Researchers have explored methods of producing reliable synthetic EMG data

for a variety of applications [92]. Early attempts in EMG signal generation pursued

synthetic intramuscular EMG signals for the purpose of motor unit action potential

decomposition and signal verification [93, 94]. A recently proposed solution, Myosim2,

used finite element analysis in a highly configurable surface EMG signal generator [95].

Practical use of synthetic data generation was demonstrated by Furui et al. [92]

when combining real and synthetic signals to improve the accuracy of a muscle load

regressor. Despite these works, there is comparatively little work that has explored

the application of synthetic EMG to multi-class classification of hand motions.

A promising new option that could reduce the amount of data collection required

for training is the use of generative deep models [96]. These emerging models leverage

generative adversarial networks (GANs) to produce realistic synthetic samples that

emulate characteristics of the data used to train them. GANs are largely used in

the computer vision space to generate images that are strikingly similar to the source

domain. The recently proposed SinGAN [2] is of particular interest as it requires only

a single training image to generate these synthetic images. Despite their promising

accolades, however, generative deep models have not yet been widely exploited for

biological signals and have not been explored as a possible method of minimizing the

training procedure for myoelectric devices.

The objectives of this work were, therefore, to evaluate the feasibility of synthetic
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EMG signal generation based on a single window of data using SinGAN and to

validate the use of these synthetic signals to augment the training of myoelectric

control. Qualitative and quantitative assessment of the synthetic signals are also

presented to complement the outcomes of training set augmentation within a standard

EMG pattern recognition pipeline.

5.3 Methodology

5.3.1 Real Signal Dataset Preparation

The previously collected data from 10 intact-limbed subjects were used to estab-

lish the real EMG dataset. Subjects performed four repetitions of each of the following

hand motions: no motion, wrist flexion, extension, pronation, supination, chuck grip,

and hand open. A selection of three-second contractions, where the limb position and

contraction intensity were controlled, were selected for use in this work to isolate the

class-specific variance. Data were sampled at 1000 Hz over 8 bipolar Ag/AgCl elec-

trode channels placed around the forearm, as outlined in the original work [97]. All

collection and analyses were approved by the University of New Brunswick’s Research

Ethics Board (REB #2008-083).

The real signal dataset was prepared for synthetic signal generation by signal

conditioning, window segmentation, and multi-resolution transformation to reduce

unwanted artefacts and comply with the image-like input expectation of SinGAN. A

discrete signal was defined for each repetition of motion as x[n]. Powerline interference

and motion artefacts were removed digitally using a 2nd order notch filter (60 Hz

cutoff, 1.5 Hz bandwidth) and a 5th order Butterworth band-pass filter (20-450 Hz),

respectively. The conditioned signal, s[n], was framed using overlapped windows with

size and increment of 200 ms and 50 ms, respectively; this resulted in a total of 56

windows per signal. While all windows were later used in validation tests, only a
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single window in the center of each motion repetition, w28, was used to train the

SinGAN model. The short-time Fourier transform (STFT), using a window size and

overlap of 200 ms and 199 ms, was applied to these windows to produce a spectral

image, r28, with each channel being treated as a color layer of the image. An overview

of the real signal preparation for SinGAN training is given in Figure 5.1.

5.3.2 Synthetic Signal Generation using SinGAN

Briefly, SinGAN is a multi-scale generator network that maps a noise vector (z)

to a single training example (r28) [2]. The training example is sequentially recon-

structed to its original resolution from heavily downsampled versions using a series of

daisy-chained GANs that perform super-resolution on the upsampled outputs of the

previous GAN. Variability in generated samples is thereby adjusted by adding noise

to the upsampled outputs at chosen scales. Noise that is added to GAN outputs early

in the chain contribute to coarse detail modifications, whereas noise added later in

the chain produce more fine detail.

Here, the noise map, z, was transformed by a GAN in the coarsest scale, GM , to

produce a synthetic low resolution spectral “image” from patches of textures. The

synthetic spectral image was upsampled by the subsequent scale and used as the

input to a GAN, GM−1, which generated finer resolution patches of textures. This

procedure was repeated for a selected number of scales, until the original resolution

of the training example was recovered. The number and upsample factor of scales

were empirically set to M = 6 and 0.75%, respectively, as the generated structure

was found to mimic the training example spectral image using these hyperparameters.

The discriminator and generator networks included five convolutional layers for each

scale, and each scale was trained for 2000 iterations in a sequence from coarsest to

finest. The loss function consisted of a weighted sum of adversarial and reconstruction

loss, where the loss was evaluated on patches rather than the entire image. All channel
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spectral images of an example were used simultaneously to produced a SinGAN model,

resulting in a total of 280 trained models (10 subjects x 7 motions x 4 repetitions).

The network architecture of the SinGAN generator is given in Figure 5.2.

As SinGAN is a residual generator network, the noise can be strategically added

to the input spectral image at desired scales to affect different characteristics of the

resultant synthetic spectral image. A generation level can therefore be defined by

adding appropriately scaled noise maps to the upsampled spectral image at all scales

≤ L. The size of deviations from the training spectral images is, therefore, defined

by L, where large and small values influence deviations across all patch sizes and

fine patch sizes, respectively. Each SinGAN generator produced 1000 spectral images

for generation levels L : {0, 1, 2}. The process of generating signals from a SinGAN

model is shown in Figure 5.3, where zm represents the addition of a noise map to

upsampled spectral images below scale L. The generated spectral images created by

the SinGAN model were then reconstructed into a 1D time series using the inverse

STFT.
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Figure 5.1: Training process block diagram

5.3.3 Synthetic Signal Validation

The qualitative, quantitative, and practical assessments of the synthetic signals

were conducted using standard features in EMG pattern recognition of upper-limb

gestures. The Hudgins’ time-domain feature set (MAV, ZC, SSC, WL) [80] was

extracted from each synthetic and real window of data from each channel to produce

a 32-dimensional feature vector.

The qualitative assessment of the synthetic signals was conducted by visual com-
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Figure 5.2: Multi-scale generator architecture diagram following original SinGAN
generator structure [2]
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Figure 5.3: Generation Process Block Diagram

parison of the real and synthetic feature distributions. PCA was used to explain

the overall variance of the dataset while reducing the dimensionality of the feature

space from 32 to 3. The projection was constructed using the zero-mean unit-variance

normalized real features, then applied to the synthetic features.

The quantitative assessment of synthetic signals was conducted using the Lepage

test. The multivariate two-sample Lepage test was used to assess if the location and

scale (non-parametric mean and variance, respectively) of the real and synthetic fea-

ture distributions for each performed motion were identical [98]. The null hypothesis

was defined such that the distributions were assumed to be identical. The univari-
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ate distributions were first compared by determining the likelihood (P (T < Tp)) of

getting a smaller sum of Wilcoxon-Mann-Whitney and Ansari-Bradley statistics for

the given distributions (T ) than the same metric on 1000 permutations of the real

and synthetic feature values (Tp). A conclusion on the multivariate distribution was

compiled using Fisher’s combining function. The synthetic data were considered to

sufficiently mimic the properties of the real data if the null hypothesis was accepted

(p > 0.05).

The practical assessment of synthetic data was conducted by performing motion

recognition with Hudgins’ TD features and a LDA classifier in a within-subject cross-

validation framework, using only one repetition for training. The effect of training

augmentation was determined by analyzing the difference in accuracy between classi-

fiers trained with real signals, and those trained with real signals and synthetic signals

derived from those corresponding signals.

5.4 Results

A sample of real and synthetic spectral images (L = 0) are provided in Figure

5.4 with their corresponding time series representations given in Figure 5.5. PCA

projections from 32 to 3 dimensions were found to retain 84% of the total real feature

variance. The reduced feature spaces for the real EMG data and for the synthetic

EMG data for L = 0 are given in Figures 5.6 and 5.7, respectively. Although these

images are similar, multivariate two-sample Lepage test outcomes showed that all 280

SinGAN generation sets resulted in significant differences (p< 0.001) for all values

of L, suggesting that the generated signals were notably different than their training

data. For the L = 0 univariate two-sample Lepage tests, the likelihoods for synthetic

MAV and WL were 0.36 and 0.41, whereas likelihoods for ZC and SSC were 0.05 and

< 0.01. For L =1 and L =2 all univariate two-sample Lepage tests had likelihoods
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Real Spectral Image Synthetic Spectral Image

Figure 5.4: Spectral image of windowed real and corresponding synthetic EMG data,
where the y-axis represents frequency and the x-axis represents time.

< 0.05, again indicating that no features were accurately reproduced under changes

of scale of these sizes. For perspective, however, tests conducted between real features

of two different repetitions also resulted in significant test outcomes. This is largely

driven by the inter-rep variance that has been found to be important in populating

feature space and informing robust decision boundaries [99]. Consequently, it is rea-

sonable that the inclusion of the synthetic signals to the single training repetition was

found to significantly improve average classification accuracy from 85.8% to 91.2%

(p <0.001), as detailed in Figure 5.8.

5.5 Discussion

From Figure 5.5, a lack of high frequency information in the synthetic signals

was observed (as noted by increased smoothness). This result was corroborated by

systematically lower ZC and SSC distributions found using the univariate Lepage

tests. Despite prioritizing frequency information, the image-like representation pro-

duced from the STFT configuration had finite capacity to encode frequency infor-

mation (Rayleigh frequency of 5 Hz). Contrary to the STFT, the wavelet transform

uses non-uniform temporal and frequency resolution that may be better suited to

capture the spectrum of the left-skewed Gaussian/Laplacian distribution of EMG in
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Real Signals Synthetic Signals

Figure 5.5: Time series of windowed real and corresponding synthetic EMG data.

future studies [100]. Further improvements in encoding frequency information could

be pursued by leveraging the super-resolution application of SinGAN to upsample

the spectral image beyond its original dimensions; however, this approach has not

yet been validated. Further preparation and generation architectures should also be

explored to improve the reliability of frequency information in synthetic signals.

Although the ZC and SSC of the synthetic signals were lower than real signal

features, the representation of the TD feature set along the first three principal com-

ponents of feature space between motions was topologically equivalent. The selected

training sample for use by SinGAN proved to be extremely important, as evidenced

by the consistency of the mean feature values of all 1000 synthetic samples with those

of the training samples. The careful selection of a window that is representative of

the mean of the true feature cluster is therefore necessary to enforce that the mean

over the set of synthetic signals matches the real distribution.
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Figure 5.6: First three principal components of real features across all motions of
(Subject 1, Rep 1). Spheres indicate the 95% confidence interval of each motion
class. ∗ denotes the SinGAN training window feature vector.

Figure 5.7: First three principal components of synthetic features (L = 0) across all
motions of (Subject 1, Rep 1). Spheres indicate the 95% confidence interval of each
motion class. ∗ denotes the SinGAN training window feature vector.
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Figure 5.8: Classification accuracy (%) across 10 subjects using regular training (blue)
and proposed training augmentation.

While the relative position of the noise maps supplied for generation across the

SinGAN models remained the same, the covariance over the collection of synthetic

signals varied between classes. Although the model captured these differences be-

tween classes, the shape of the synthetic class clusters did not accurately describe the

corresponding real class cluster shape in all cases (see wrist flexion in Figure 5.7).

The LDA classifier used in this work, however, is a generative classifier that computes

the common-covariance of all classes to generate decision boundaries; therefore, the

performance may have been more robust to these deviations than other classifiers.

To enable the use of more sensitive classifiers, bagging techniques could possibly be

used to achieve a balanced representation of real and synthetic features over many

permutations of the dataset [101, 102].

A final consideration for use in a realtime environment is the computation time to

train the signal generator. Currently, a single SinGAN network (for generating signals

similar to one repetition of one gesture) took approximately two hours to complete

the 2000 epochs per scale when trained on consumer grade hardware (Nvidia GTX

970 GPU, Intel i7-4790S CPU, 8 Gb RAM). Through further model optimization

(reducing the number of scales, reducing the number of epochs per scale, reducing

the size of the spectral image), software optimization (migrating to C++ from Python,

converting the computation from float32 to int8), and using industry grade hardware,

the signal generation pipeline could be completed in an appropriate amount of time
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for a complete gesture set.

The work described here has provided an initial demonstration of the feasibil-

ity of simulating EMG signals, leveraging the deep generative model SinGAN. The

generated signals were analyzed and found to demonstrate similar but significantly

different feature clusters to those of real data. Nevertheless, an improvement of 5.4%

across a set of 10 subjects was observed when augmenting single repetition training

with these data, indicating promise for future applications of synthetic signal training

augmentation.

Opportunities for future research into EMG signal generation based on these

findings include: 1) different multi-resolution analysis techniques to produce image-

like inputs for generative models with better frequency resolution, 2) validating the

organization of synthetic feature space for functional feature groups [4], 3) optimiza-

tion of the SinGAN architecture used, 4) the use of training windows taken from

dynamic contractions to capture additional signal variability, 5) deep generative net-

work topologies capable of leveraging the entirety of a single motion instead of using

a single window (such as TecoGAN [103]), and 6) deep generative network topologies

explicitly designed for time series data (such as PixelRNN [104]).
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Chapter 6

General Discussion

The work presented in this thesis addresses a fundamental limitation of current

myoelectric practices: the lengthy training protocols that are commonly required

when training gesture recognition models.

To better understand the need for subject-specific models in current practice, and

the reported differences between intact-limbed and amputee subjects, an analysis

of inter-subject variability was conducted. The amputee population was found to

have much greater inter-subject variability, as was easily observed in Figure 2.2,

corroborating previous findings. A new finding, however, was that the clusters in

feature space for intact-limb and amputee populations were entirely distinct, with no

overlap of the population clusters in PCA space. This result was confirmed by the

groupings selected using HCA, suggesting that the practice of naively using data from

intact-limb subjects to optimize model design for amputee subjects is questionable.

Consequently, the subsequent study (Chapter 3) was conceived to determine which

features may be appropriate for use in both populations. This was motivated because

the use of intact-limb data for model optimization is a common but unfortunate

necessity brought by the scarcity of amputee subjects for experimentation.

The differences between populations were again highlighted in Chapter 3 when
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analyzing the structure of topological feature networks for the intact-limb and am-

putee subject groupings. Although important differences were found between the

groups, the structure of the topological feature networks were largely similar, each

comprised of three flared networks joined by a central node. Nevertheless, three main

differences were found between the networks: the migration of nonlinear complexity

and frequency information, the migration of time series modeling information, and

a change in a portion of the unique functional feature group. Of note, the TDPSD,

MFL, and AR features were observed to be among the most notable differences be-

tween intact-limbed and amputee subjects. Their migration could have meaningful

consequences for myoelectric control studies as these features are commonly included

in established feature sets. For example, TDPSD is used in the fused time domain

descriptors [105], temporal spatial descriptors [105], and topologically specified fea-

ture sets [1]. MFL is used in the LSF4, LSF9, and topologically specified feature sets

[1], and AR features are commonly combined with RMS or the Hudgins’ TD feature

set.

Armed with this knowledge, the main study of this work sought to address how to

reduce the training burden on individual users by overcoming this inter-subject vari-

ability. Towards this aim, a cross-subject model was developed in Chapter 4 using

a deep-learning ADANN framework, and compared with different handcrafted fea-

ture sets, the current state-of-the-art solution for cross-subject models (CCA), and

another CNN-based deep learning approach. While establishing a baseline for the

within-subject accuracy, no observable advantage was found when using deep learning

approaches instead of a Bayesian model with handcrafted feature sets. This was again

confirmed for the cross-subject condition, with no significant improvement found when

using the CNN model, as compared to CCA-based models. The ADANN network,

however, significantly outperformed both the standard CNN model and handcrafted

features with and without the CCA adaptation for both intact-limbed and amputee
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subjects. This analysis demonstrated that the adaptive batch normalization and ad-

versarial training techniques were effective in learning subject-agnostic parameters

for EMG gesture recognition. Conversely, CCA, which has previously been reported

to be beneficial in enabling cross-user models, yielded significantly lower performance

when adapting to a new subject than when simply training a new within-subject

model with limited data. Only when an intact-limb expert subject was used for

the amputee population did the accuracy reach the same level as the single repeti-

tion model. This results calls into question the generalization of previously reported

CCA results for cross-subject models, which may have been over-tuned or depen-

dent on characteristics of the original dataset. Future work is, therefore, warranted

to determine the exact conditions under which CCA obtained superior performance

to within-subject models trained with abundant data [8]. The computation time of

the ADANN adaptation to a target user was sufficiently fast (47 seconds) for use in

myoelectric devices given that this operation occurs only once at the end of a brief

training protocol. These combined findings suggest that ADANN may be viable for

use in creating cross-subject models that reduce training protocols for the end-user,

whether intact-limbed or amputee.

Finally, a novel alternative approach to minimizing the training protocol of ges-

ture recognition was introduced. Within this study, a deep generative network, Sin-

GAN, was used to produce numerous synthetic samples of EMG that could add inter-

repetition variability without the need to collect added training repetitions. When

the synthetic data generated using SinGAN was added to the original single repeti-

tion, the accuracy improved significantly by 5.4%. Moreover, the benefits of such an

approach may be more pronounced during realtime use of a myoelectric device where

errors in prediction are more common, as several subjects attained nearly 100% ac-

curacy using only one repetition (subject 4, 5, 6 in Figure 5.8). It is important to

note that this final feasibility study was preliminary in nature, and meant to motivate
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future work. The nature of the variability introduced by SinGAN has yet to be fully

explored, particularly as it relates to the variability introduced by known confound-

ing factors in myoelectric control [11]. Furthermore, although the approach improved

accuracy, its current computational complexity precludes any practical application.

The complexity could be greatly reduced by modifying the original SinGAN archi-

tecture for this specific application. Possible improvements could include changing

the input from an image (2-dimensional) to a time-series (1-dimensional), optimizing

the number of scales of the network, and using a learning rate scheduler (reduce on

plateau, or learning rate annealing). Further work in optimizing the SinGAN archi-

tecture is certainly necessary before it is competitive with ADANN; however, if the

two could be combined it presents an interesting avenue for future research.

6.1 Limitations and Future Work

A notable limitation of this work is the absence of a realtime experiment to

validate the solutions proposed in Chapters 4 and 5. Although originally planned,

the Coronavirus pandemic has presented a challenge to all studies requiring human

participants. As a consequence, the studies conducted in this thesis were designed

to benefit myoelectric control through offline analyses on data collected during past

experiments. At a later date, when subjects can be recruited with no risk of illness,

the proposed solutions should be validated with a user in the loop.

The findings of Chapter 3 highlight the need for consideration when amputee

data is unavailable, but an alternative, preferable solution for the field would be to

establish a robust publicly available dataset with many amputee subjects. This has

previously been recommended by Resnik et al.[106]; however, a multi-site, multi-

national collection of amputee data would be a costly endeavor. Nevertheless, with

coordination and agreement in standardizing aspects like sampling frequency and
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electrode sites across future studies, a comparable dataset could be created collabo-

ratively. Although amputee data were used throughout this work, there was seldom

balance between intact-limbed and amputee numbers. This is reflective of population

differences and the difficulty of accessing amputee subjects. One potential solution

could be to develop an adaptive system or signal generation pipeline that could be

applied to EMG signals from intact-limbed subjects to mimic the deviations caused

by morphological changes present in amputee populations. Such signal characteris-

tics have been observed in studies like Waris et al.[107], where the effect of long-term

EMG pattern recognition performance was compared between intact-limb and am-

putee subjects. Amputee performance was found to be proportional to residual limb

size, indicating an anthropomorphic model could be beneficial. Alternatively, data-

driven frameworks, such as the CCA and ADANN evaluated in this work, could be

explored.

6.2 Contributions

The work described in this thesis included two studies designed to better un-

derstand inter-subject and inter-population variability, and subsequently, two novel

solutions to reduce the amount of data needed when training myoelectric control.

A visualization of the inter-subject variability of intact-limb and amputee subjects

highlighted important differences between these populations that partially explain the

poor performance of inter-subject models, particularly for amputee subjects. Next,

key differences in the information content of certain popular and powerful feature

sets were identified between intact-limbed and amputee subjects. These results par-

tially explain the poor translation of models designed using intact-limb subjects, and

provide an informed basis for future translational research.

To combat these factors and reduce the training burden on end- users, this thesis
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presented a novel implementation of an adaptive domain adversarial neural network

(ADANN) in a cross-user framework that significantly and meaningfully outperformed

the state-of-the-art. The implications of this new model could be important in encour-

aging the adoption of myoelectric control in both able-bodied consumer applications

and in clinical use.

Finally, an entirely new approach to minimizing the need for end-user training

data was proposed, leveraging recent advancements in generative adversarial net-

works. The feasibility of this synthetic signal generation approach could enable new

directions for artificially created data, not only in myoelectric control, but also in

other fields of biological signal analysis.
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[24] U. Côté-Allard, C. L. Fall, A. Drouin, A. Campeau-Lecours, C. Gosselin,

K. Glette, F. Laviolette, and B. Gosselin, “Deep learning for electromyographic

hand gesture signal classification using transfer learning,” IEEE Transactions

on Neural Systems and Rehabilitation Engineering, vol. 27, no. 4, pp. 760–771,

2019.
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