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Abstract
Force myography (FMG) is an alternative to electromyography (EMG) for the
control of powered upper limb prostheses. FMG signals originate from deformations of
muscles and surrounding tissue applying pressure to a force sensor. FMG-based pattern
recognition classifiers have been shown to yield high classification rates. High
classification accuracy, however, does not ensure great device usability. Instead, these
control systems for prostheses should be evaluated based on real-time usability metrics.
In the first section of this work a proportional control algorithm, critical to the completion
of the second phase of work, was derived and compared to a mean signal amplitude-based
approach. In the second, the real-time usability of high-density force myography (HDFMG) was compared to that of EMG in a Fitts’ Law virtual target acquisition task. FMG
was found to significantly outperform EMG in throughput for both classification
(0.901±0.357 bits/s versus 0.751±0.309 bits/s) and regression (0.871±0.325 bits/s versus
0.689±0.269 bits/s) control types. The evaluated regression-based proportional control
algorithm also performed significantly better (ρ<0.001) than a standard mean signal
amplitude-based approach. Subsequent data collection from an amputee subject achieved
comparable classification accuracy to the able-bodied participants, but an R2 correlation
coefficient of only 0.375 for regression based proportional control, significantly (ρ<0.001)
lower than the able-bodied results.
This work provides a comparison between the real-time usability of HD-FMG and
EMG-based control in both a traditional classification-based pattern recognition scheme,
with an additional proportional controller dictating device velocity and a regression-based

ii

control scheme. HD-FMG was shown to outperform EMG in both control schemes in both
throughput and efficiency.
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1.1

Introduction

Motivation
An estimated 41 000 individuals in the United States experienced major upper limb

loss in 2005 [1]. In general, of those who are fitted with a prosthesis, approximately one
in five will eventually reject the use of the device [2]. Commonly cited reasons for
rejection of myoelectric prostheses (those controlled through contractions of the residual
limb) include device weight, durability, and maintenance [2], though many other factors
also play a role. This has led to the adoption of devices ranging from passive hands to
body powered prehensors, to externally powered devices. These options provide a variety
of solutions for amputees to select from to suit their requirements and preferences. Despite
the multitude of dexterous terminal devices that have been developed for prosthesis users,
the performance of these devices is commonly limited by the level of control available.
Although surface electromyography (sEMG) signal has been widely used in both the
clinical and research communities it is susceptible to being influenced by a variety of
factors including socket loading and other changes in the skin-surface interface [3] and
requires substantial and expensive instrumentation in order to collect the data which poses
difficulties when increasing the number of controlled degrees of freedom in a prosthesis.
Consequently, the development of novel and alternative control methods and sensors
could provide a means of controlling these more dexterous devices. Other factors may
also be improved upon by considering different sensor types, such as a reduction in the
device weight, either due to the instrumentation required to support the collection of the
signal being used or of the batteries required to power the device.
1

A subset of myoelectric devices gaining traction in the prosthetics market use pattern
recognition-based techniques to derive a control signal from volitional EMG signals.
Regardless of the approach used to control them, requirements for success with an upper
limb prosthesis depend on the level of amputation, desired functionality, cost, weight and
overall comfort of the device, and cognitive demand.
The signals collected by EMG-based devices are a summation of the electrical signal
of motor unit action potentials (MUAP) of groups of muscles being activated in proximity
to the electrode. The summation of these MUAPs results in a signal that resembles a
stochastic random process with zero mean and a standard deviation that is correlated with
the number of motor units being recruited [4]. The collection of these signals, especially
from sensors on the surface of the skin, may suffer from crosstalk, signal filtering, and
attenuation through tissue, and motion artifacts from the motion of the electrodes,
movement of the cables, and loading of the socket [4].
A recently proposed alternative control signal is force myography (FMG), which
makes use of pressure signals caused by deformations in the residuum, rather than
electrical signals from these same muscles. EMG contains important frequency
information within a band from 10-500 Hz. The bandwidth of FMG is much lower;
typically below 5 Hz, due to the natural low-pass filtering introduced by the muscles
themselves [5]–[7] whereby the large number MUAPs are averaged by their combined
activation of larger muscle groups. Force sensors also exhibit a more tangible response
to sensors being lifted from the skin’s surface, referred to as electrode lift in EMG,
outputting a zero-pressure reading. EMG sensors, however, tend to become saturated with
electrical noise during sensor lift. Force sensors have been considered as a supplement to
2

EMG systems as a method of detecting electrode lift [8]. As with EMG, the application of
pattern recognition principles to FMG has resulted in very high classification accuracies
in offline and constrained real-time experiments focused on classification accuracy [3],
[7], [9], [10]. The usability of FMG in real-time, user-in-the-loop applications, however,
has not yet been evaluated nor has this real-time performance been directly compared with
that of EMG.
1.2

Main Objectives
The main objective of this work was to evaluate the real-time usability of pattern

recognition-based HD-FMG and to conduct a direct comparison with a state-of-the-art
sEMG-based system. Proportional control (modulation of the control velocity, as opposed
to only on/off control), has been shown to play a significant role in device usability.
Consequently, a novel HD-FMG-based proportional control scheme was first developed
to provide comparable levels of proportional control for the two systems.
Four main research questions were addressed in this work, focusing on both the
development and evaluation of proportional control for HD-FMG and a comparison
between an HD-FMG-based pattern recognition control system and state-of-the-art multichannel EMG-based systems. These questions were as follows:
i.

Do standard methods of EMG-based proportional control apply to HD-FMG? If
not, what alternative methods could be employed?

ii.

How does real-time HD-FMG-based classification compare to that of a
comparable state-of-the-art EMG-based system?
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iii.

How does real-time HD-FMG-based simultaneous, independent, regression
control compare to that of a comparable EMG-based system?

iv.

How do the real-time performances of HD-FMG-based classification and
regression-based control schemes compare?

1.3

Thesis structure
This thesis is organized as follows. Chapter 2 provides a brief background,

introducing the reader to force myography research literature, and more broadly to pattern
recognition-based prosthetic control. Chapter 3 describes a preliminary investigation into
developing and evaluating a class-specific regression-based proportional control
algorithm for use with HD-FMG classification control and was published in the Journal
of Neural Engineering. Chapter 4 details a comparison of the real-time usability of EMG
and HD-FMG based systems for both classification and regression control schemes.
Chapter 5 summarizes the overall work, discusses its findings and contributions, and
proposes a set of future work enabled by this dissertation.
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2
2.1

Background

Myoelectric Control
The myoelectric signal, or EMG, is by far the most common source of control signal

for externally powered prostheses. A wide variety of control configurations and numbers
of electrodes have been employed, varying with the number of viable EMG measurement
sites and the complexity of the prosthesis being controlled. The most common
commercially available method of control for transradial amputees uses two bipolar
surface EMG (sEMG) electrodes located over the agonist/antagonist flexor/extensor
muscles of the forearm. This approach is typically preferred for the control of a terminal
device with a single degree of freedom, such as open and close of a biomimetic hand or
hook. A form of direct control is commonly employed in these systems whereby the motor
velocity of the terminal device is driven proportionally to the intensity of contraction
measured at the EMG site or the difference between two antagonist sites. In this way, the
detection of user intent (direction) and proportional control (velocity) are accomplished
simultaneously.
The emergence of more dexterous terminal devices with multiple controllable
degrees of freedom [11]–[13] has necessitated the development of controllers capable of
differentiating between multiple motions of user intent. This has most traditionally been
achieved by controlling the different degrees of freedom sequentially by switching
through states of a finite state machine [14]. More recently, they have been controlled via
an anatomical model [15] or through pattern recognition-based approaches. Pattern
5

recognition, in particular, has been widely researched for decades, and classificationbased pattern recognition control system has recently been commercialized by Coapt [16].
Two main control modalities have been heavily investigated in the field of pattern
recognition based myoelectric control. The first is a classification-based control scheme
which has been widely studied using surface EMG [17]–[21], intramuscular EMG [22]–
[24][25], and combined surface and intramuscular EMG signals [26]. Classificationbased myoelectric control approaches use signals collected from an array of EMG
electrodes to extract a number of representative time and frequency domain features [27]–
[31]. These features are then used to train a classifier to recognize the various classes of
motion needed to support the complexity of the device being controlled. This method of
control is then used to sequentially activate single operable degrees of freedom. Many
types of classifiers have been investigated, including linear discriminant analysis (LDA)
[18][36]–[38], support vector machine (SVM) [35]–[37], and artificial neural networks
(ANN) [24][32][38][42]. Although a number of factors influence the performance of these
pattern recognition systems, including the number of classes, the number of electrodes,
and the type of classifier and features used; classification accuracy of these systems has
regularly been reported to be over 90% in controlled settings [36][43].
The second control modality is a regression-based scheme which maps the control
input, a set of features extracted from the EMG signal similar to those used in the
classification-based method of control, to a continuous position or velocity in each output
degrees of freedom (DoF) and may provide a control signal to multiple degrees of freedom
simultaneously. EMG regression has more recently gained momentum in the literature
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and has been widely investigated over the past decade in both offline and online (user inthe-loop) studies [40]–[42].
While classification accuracy is certainly important in properly decoding the user’s
intent, accuracy alone does not correlate well with device usability [43]; other factors also
influence the overall usability of the device. Proportional control of the speed of the
device, for one, has been shown to greatly impact real-time target tracking [44]. Similarly,
longer decision windows have been shown to lead to better accuracies, but at the cost of
device responsiveness. Delays beyond 100-175ms reduce device usability in functional
testing [45]. The distribution of errors can also play a significant role. If most of the errors
occur within one particular class, a reasonable overall offline classification accuracy may
be observed, but usability can be severely limited [43].
2.2

Alternative Control Signal Types
The sEMG signal can be negatively affected by a host of factors, many of which are

associated with the skin-electrode interface. The signal is influenced by the surface area
of the electrode in contact with the skin (partial or complete electrode lift), the force
exerted on the sensor, and the skin conductivity (affected greatly by perspiration).
Electrical noise sources include interference from nearby electrical devices, cross-talk of
the sEMG signal, and motion artifacts from the electrode shifting with respect to the skin.
The repeatability of sEMG sensor readings may also be affected by sensor displacement
over time [38][47][48].
Although commercial powered prostheses are still controlled using EMG due to its
availability and long-standing history in clinical implementations, several alternative
7

control sources have been proposed in the literature. Sonomyography (SMG),
mechanomyography (MMG), and phonomyography (PMG) employ audio sensors as a
measure of muscle activation [49][50]. Sonomyography uses a technology similar to
ultrasound imaging to actively acquire ultrasonic images of the musculature, while
mechanomyography and phonomyography passively measure the low-frequency sounds
created by muscular activation. These approaches, however, are prone to noise
interference from external sources, depend on maintaining a constant skin/sensor interface
and require relatively large sensors and instrumentation.
Electrical impedance tomography (EIT) involves the measurement of the dispersion
of low voltage signals applied to the skin [50]. The signals are applied across a range of
frequencies and measured by all other electrodes, enabling the estimation of density
(impedance) of the tissues in the imaging volume [51]. While this approach holds promise
as a diagnostic measure for neuromuscular diseases [52], it currently lacks the reliability,
form factor, or speed needed for real-time control.
Force myography (FMG) sensors have also been evaluated as an alternative to
EMG electrodes as a control input for pattern recognition driven prostheses [8][11][54].
This measure of surface pressures exerted by the residual muscles while contracting has
also been used as a control input for human-machine interfaces and as an estimate of
muscle activity using a variety of sensing techniques. It has been referred to as force
myography [54], residual kinetic imaging [10], and myokinetic imaging [55]. Despite the
different naming, the sensing modality for all these approaches has most commonly been
force sensitive resistors (FSRs) [5][58][59]. More elaborate sensors have been evaluated,
including optical fiber based [58] and myo-pneumatic based sensors [10], while others
8

have used higher density transducer systems that provide a more detailed ‘pressure map’
of the residuum using resistive [59] or capacitive materials [3].
FMG research has yielded offline classification accuracies much higher than those
of sEMG [3]. Indeed, FMG has several potential benefits when compared to existing
sEMG systems. The surface pressure signal is naturally low-pass filtered by the activation
FSR Time Signal (7 Classes of Motion)
No Motion

Flexion

Extension

Pronation

Supination

Power Grip

Hand Open

EMG Time Signal (7 Classes of Motion)

of muscle tissue, as shown in
Fig. 2-1, which shows examples of the signals from an FSR based FMG cuff (above)
and signals from an array of UNB electrodes (below) [60] with sensor values offset for
visualization purposes. This data were collected from a single participant for the purpose
of illustrating the difference between the two signals. Because of this, it requires less
complex instrumentation than the higher bandwidth, and more stochastic, EMG signal.
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Similarly, the raw FMG signal requires far less pre-processing and feature extraction than
EMG, with the raw signal having been using directly as the input to classification-based
systems [3]. It has been shown to suffer from similar limb position effects as EMG, but
improved classification robustness to variations in limb position has been demonstrated
when trained using multiple limb positions [3].
FSR Time Signal (7 Classes of Motion)
No Motion

Flexion

Extension

Pronation

Supination

Power Grip

Hand Open

EMG Time Signal (7 Classes of Motion)

Fig. 2-1: Comparison between FMG and EMG signals for 7 different classes of motion.

2.3

FMG Control Methods
Pattern recognition approaches have been proposed for FMG-based prosthetic

control using many of the same approaches as have been used for EMG-based systems,
including SVM [9][61][63], LDA [3], and extreme learning machine (ELM) based
10

classifiers [62] as well as regression-based methods [63]. The performance of
classification-based FMG has mostly been evaluated in offline experiments [11][61][66]
with limited real-time testing [64]. FMG-based regression research has primarily focused
on its ability to predict effort either in grip strength or in a single DoF activation such as
wrist pronation/supination [65]. Some have evaluated the suitability of FMG for the
prediction of torques in three DoF for use in human-machine interfaces [65] while others
have evaluated it for prosthetic control [66].
FMG has also been used to successfully predict grip strength [5][70] and individual
finger forces [68]. Wininger et al. [6] found high (r>0.89) correlation between a rectified
sum of FSR sensor values and grip force. Castellini et al. [59] were able to predict forces
exerted during finger flexion/extension and abduction/adduction using two radial basis
function (RBF) SVM regressors. These approaches, however, have not yet been shown to
be applicable to other classes of motion. Nevertheless, the high accuracies achievable with
FMG have been reported in studies using both low density [7][9] and high density [3]
FMG devices in able-bodied participants [9][11], amputees [10], and stroke
survivors [69].
A drawback of sEMG signals is that additional filtering and signal processing is
often required as is the extraction of discriminative features to improve the information
density. So far, FMG research has relied largely on the sensor output values, reducing the
complexity of the required supporting instrumentation and the processing power needed
to derive user intent. FMG is also less susceptible to changes in the skin-sensor interface.
While sEMG electrodes typically require some time to "settle in" before being used, FMG
sensors may be used as soon as contact is made. Electrode lift, where movements or socket
11

loading causes the sEMG electrodes to lose or reduce contact with the skin surface is
another challenge associated with sEMG. Because of the high levels of amplification
required with EMG, electrode lift-off can introduce a saturating noise signal. Under the
same condition, FMG sensors read a zero-pressure reading, providing additional and
intuitive information.
A possible drawback of FMG for prosthetic control is the confounding influence of
socket loading, either through a load applied to the terminal device, through movement of
the mass of the prosthesis itself or by resting or impacting the socket on a surface or other
object that directly impacts the collected signal. Although this is a problem also associated
with EMG, it is of particular concern for FMG and warrants further evaluation. FMG,
however, has been shown to have a repeatable response to limb position. This behavior
has been leveraged during training (by collecting data from a range of limb positions) to
improve robustness during simulated activities of daily living [3].

2.4

Evaluation of Usability
The assessment of the usefulness of a prosthesis is a complex and heavily debated

endeavor. A combination of functional assessments, hand function tests, goal setting, and
quality of life assessments are commonly used by clinicians and researchers as metrics to
define usability [70]. When considering the functionality of a hand prosthesis, functional
tests include the Southampton Hand Assessment Procedure (SHAP) [71], the Stollerman
Hand Function Test [72], Box and Blocks [73], Jebsen Standardized Test of Hand
Function [74], and the Purdue Pegboard [75]. Many of these tests assess general function
12

assessments and may be performed by both amputees and normally-limbed individuals.
For assessment of amputee performance prior to fitting a socket and prosthesis, options
are limited to the use of virtual tasks as an analog for the real usability tasks. For normallylimbed research subjects, a similar virtual task is frequently employed, though a bypass
prosthesis may alternatively be used. One commonly used tool in the assessment of EMG
pattern recognition system usability is a virtual target acquisition task based on Fitts’
Law [76]. Fitts’ Law outlines the theory that the time required to rapidly move to a target
is proportional to the target distance and inversely proportional to the target width. Despite
having differences from the original ballistic reaching tasks, virtual target acquisition tasks
based on Fitts’ Law have been validated for use with EMG control systems [80][81] and
have

been

used

frequently

to

assess

advancements

in

EMG

control

design [26][28][37][80]. In these assessments, the participant manipulates one or more
degrees of freedom of a controller to move a cursor to a target location. Supplementary
metrics have been derived from this test to better describe the control, including
throughput, path efficiency, overshoot, stopping distance, and completion rate [80][82].
2.4.1

Usability and Classification Accuracy
The high classification accuracies attained in prior FMG studies are promising but

do not guarantee that these devices will be robust to real-time use. In 2005 Lock et al. [43]
found that EMG pattern recognition exhibited a low correlation between classification
accuracy and virtual functional test completion time. Usability involves several factors
including feedback, understanding of the task itself, dynamics such as proportional
control, and long-term signal stability and repeatability. The high offline classification
13

accuracy demonstrated in previous studies indicates that FMG is highly capable of
determining the intent of the user, but real-time usability remains largely unexplored. The
presence of a trade-off between controller accuracy and other usability factors by
introducing larger signal filtering windows or thresholds motivates the direct evaluation
of real-time usability performance of devices or algorithms using the evaluation method
discussed above rather than relying on a measure of classification accuracy alone to
determine the performance of a controller.
2.5

Proportional Control Methods
The speed of a prosthetic device may be controlled proportionally, using an estimate

of the effort being exerted by the user, or discretely (as an on/off switch). On/off, or bangbang control allows for the manipulation of a degree of freedom of a prosthesis with only
one set speed. Once a contraction is identified to be above or below a threshold, the motor
of the device is correspondingly turned on or off. The limitation introduced by a single set
speed has been shown to negatively impact gross manipulation as well as fine control [44].
This is in part because the fixed speed of the device must be determined prior to use and
necessitates a compromise between accuracy and speed. The inclusion of proportional
control has been shown to improve target tracking in multi-channel EMG pattern
recognition systems [44] and has become a common feature of commercially available
prostheses [79]. It follows that a similar inclusion should also improve the function of
classification-based FMG controllers and is necessary to provide a direct comparison with
an EMG system that includes proportional control.

14

Unlike some conventional myoelectric control approaches, classification-based
control systems do not intrinsically include a method of determining proportional control.
Instead, classifiers must be paired with a proportional control estimator. Due to the
inclusion of multiple EMG sensors and the lack of direct one-to-one mappings, the
derivation of a meaningful proportional control signal becomes less intuitive. One
commonly employed method calculates the average MAV of all EMG channels used for
pattern recognition [79]. This estimator has been shown to perform adequately because
the overall level of EMG activity tends to increase with contraction intensity across a wide
range of motions. More refined approaches that scale the proportional control output
according to class-specific gains [80] outperform these methods and facilitate a full
dynamic range of control velocities. It should be noted that in regression-based control,
the direct simultaneous mapping inherently provides a proportional output and no
additional logic is required.

15

3

Proportional Control With HD-FMG

Before comparing the usability of the HD-FMG and EMG-based systems it was
necessary to first develop and evaluate a proportional control scheme for the HD-FMG
system.
Proportional control methods for EMG have been widely used, and benefit from the
fact that the average mean absolute value (MAV) of EMG increases monotonically with
contraction intensity. Fig. 3-1 (left) shows an example of this, including the individual
channel MAVs for 8 channels of EMG, the visual target used to guide the user’s level of
effort, and the average value of the MAV from all channels. This average MAV had a
high correlation with the visual target used to prompt the motion. These two signals had a
linear least squares regression coefficient (R2) of 0.938. Fig. 3-1 (right) shows a selection
of representative channels of HD-FMG, the same visual target used to guide the user’s
intensity of contraction, and the average value of the HD-FMG channels (with an R2
correlation coefficient of 0.0129). It can be seen that the signal amplitude for a particular
channel may increase, decrease, or remain constant with increasing effort. These differing
responses can be attributed to the fact that some muscles bulge outward when contracted
while others retract, creating areas of decreased pressure against the cuff.
Another difference between the two sensor types is that each HD-FMG sensor
possesses a pre-load applied by the supporting socket (even when at rest) which may vary
depending on limb position, how tightly it is attached to the arm and socket loading.
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Fig. 3-1. EMG MAV proportional tracking with respect to a half-cycle of a sinusoidal visual target.
Individual sensor MAV, and amplitude for EMG (left) and FMG (right) respectively. Individual
channel responses and the mean are shown.

These factors present barriers to reliable FMG-based proportional control using a
similar approach to MAV for EMG which would be a mean of the signal amplitudes
(MSA). The focus of this investigation was, therefore, to examine the nature of HD-FMG
in response to varying contractions intensities and to evaluate the effectiveness of a multiclass proportional control algorithm designed to accommodate these factors.
3.1

Experimental Protocol
Fourteen normally limbed participants aged 32.1±10.3 years were recruited to

perform a virtual target following task. This study was approved by the University of New
Brunswick’s Research Ethics Board (REB # 2015-133) in accordance with the Canadian
Tri-Council Policy Statement regarding ethical conduct for research involving humans.
As a case study, data were also collected from an amputee participant with an acquired
transradial limb loss (male, 25 years old, amputation 9 cm distal to the elbow).
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The experiment was conducted with participants seated in a chair, as shown in Fig.
3-2, equipped with a hand restraint connected to a six-degree-of-freedom load cell and
padded rests for both the elbow and the wrist to limit any unnecessary motion of the arm
in the constrained trials. All visual prompting and data recording was accomplished using
a custom MATLAB™ graphical user interface [81] displayed directly in front of
participants on a large screen.
Participants were seated comfortably in the chair, and the HD-FMG cuff was
placed on their right forearm as shown in Fig. 3-2 (with columns of sensors oriented
parallel to the forearm and rows of sensors spanning the circumference of the forearm).
Participants were instructed to follow on-screen prompts, matching the pattern and
intensity of their contractions to a moving visual target. The type of motion and target
effort level was displayed on a screen and participants were instructed to match it as
closely as possible.
Three different constraint conditions were tested:
•

Constrained without feedback: Participants were prompted to gradually increase and
then decrease the intensity of their contractions for each of the classes of motion. No
feedback about their achieved intensity level was provided. Participants were
instructed to only exert themselves to approximately 60% of their maximum voluntary
contraction (MVC) to avoid fatigue.

•

Constrained with feedback: The same procedure was followed as above, however,
participants were provided with real-time feedback about their contraction intensity as
measured by the load cell. Before each trial, an MVC was recorded for each of the
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active classes of motion and used to normalize their feedback target which was scaled
to 60% of the torque of their collected MVC.
•

Unconstrained (without feedback): Participants repeated the Constrained without
Feedback protocol, but with their hand freed from the arm restraints and load cell.
The order of motion classes and the constraint conditions were randomized for each
participant. Prior to testing, participants were coached on how to perform each of the
motions in a way that was as separable and repeatable as possible. Ten trials were
conducted for each of the constraint conditions.

Fig. 3-2. A photo of the HD-FMG cuff attached to the forearm is provided (left). A
photograph of the experimental armrest and load cell apparatus on the data collection
chair platform (right).

3.2

Acquisition Systems

HD-FMG
A high-density pressure sensitive grid of 384 sensors in a 16x24 grid was used,
provided by Smart Skin Technologies (Fredericton, New Brunswick, Canada), similar to
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the sensor grid used by Radmand et al. [3], but with higher spatial resolution. Three sensor
arrays were adhered to a thermoset plastic cuff and secured to the proximal forearm. As
shown in Fig. 3-2 (left), there was often a portion of the forearm left uncovered by the
sensors; this was a side-effect of using a single re-sizeable cuff to collect data from
participants with a range of forearm circumferences. All sensors were sampled at a rate of
15 Hz by the board provided by Smart Skin Technologies and transmitted to a PC via
Bluetooth.
Due to the construction of the HD-FMG cuff, and an inability to modify the sensor
boards, some sensors along the edge of the cuff contacted the ground plane and resulted
in sensor values outside of the nominal range. These sensors were identified and removed
from future analyses. These anomalous sensors were distributed as shown by the black
squares in Fig. 3-3.
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Rows of Sensors

Columns of Sensors
Fig. 3-3: Demonstration of the anomalous HD-FMG channels (in black) removed from subsequent
data processing.

Torque Signal
Where appropriate, a six degree-of-freedom load cell was used to record the torque
exerted by the user. Torque data were sampled at 1000 Hz using a Measurement
Computing data acquisition board connected to the data collection PC via a USB cable.
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3.3

Data Processing

Thresholding A training dataset was used to develop a regression model for each active
class (all classes excluding no-motion). To reduce the output of these regression models
to zero for classes of motion other than the presently trained class, the collected data for
all other classes were included in training the regression model but assigned a target of
zero.
The same regression model was then used to predict a proportional output based
on the collected no-motion data. This was used to simulate the likelihood of the regression
model predicting a nonzero output when the user was not moving. This was used to define
the lower threshold

based on the mean
=

and standard deviation
+3

of this prediction.
(1)

Any instance where the current repetition of a class fell below this threshold had
the corresponding classifier target reassigned to no motion, yielding a thresholded
classifier target, and the regression target reassigned to zero, yielding a thresholded
regression target.
Prior to training, all data were scaled by dividing by the largest sensor value
present in the complete training set and all targets were scaled to a maximum output of
one. This allowed the dynamic range of the sensors to be more effectively utilized. The
visual target and torque targets were also resampled at 15 Hz to match the HD-FMG data.

Classifier Training: An SVM classifier [36] with linear kernel was trained and tested as
in [3] using the thresholded class targets and normalized data. A leave-one-out approach
was used, training on all but one repetition and testing with the withheld repetition and
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repeating this process so that each repetition was tested. The overall accuracy is presented
as the average of these repetitions for each test set.

Regression Training: For each of the classes of motion, an SVM regression
model [41] with a linear kernel was trained using the thresholded regression targets and
the normalized HD-FMG data.
3.4

SVM Parameter Selection
When training either the SVM classifier or regressor, it was critical to first select

the appropriate parameters. As a linear kernel was used for both classification and
regression, the only parameter that required configuration was the cost parameter (C) used
to penalize outliers [82], [83].
A low value of C could result in lower classification accuracy, while a high value
of C has the potential to lead to overfitting of the data and could result in poor
generalization to other data sets. In the case of this study, this would result in poor usability
due to difficulty eliciting motions which match the training set closely enough.
For both the classification and regression models, the cost parameter was selected
by randomly selecting one repetition from each participant to test a model trained using
the remaining repetitions. The cost parameter was varied on a logarithmic scale between
10

and 10 . This was done for classification and regression models separately, but the

optimal cost parameter was found to be 0.1 for both (averaged across all subjects). Further
tuning of the cost parameter was not found to appreciably improve the average
classification or regression performance. It is possible that better performance could have
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been achieved if parameter selection was performed individually for each subject, but this
would not be practical to perform in a clinical situation.
3.5

Channel Reduction
Using many HD-FMG sensors (384 in this case) may improve redundancy of

information, but it also increases computation time and the likelihood of overfitting a
classifier or regression model. Consequently, channel row reduction was evaluated in this
work. Full columns of sensors were preserved to ensure the inclusion of pressure
information around the circumference of the arm, while different numbers of active rows
of sensors were evaluated as in [3].
The performance was evaluated using classification accuracy and regression R2
correlation coefficients for varying numbers of sensor rows, from 1 to all 16. Groupings
were constrained to adjacent rows to emulate potential HD-FMG device designs which
would benefit from tighter clustering of sensors. For each number of rows, all possible
combinations of adjacent rows or sensors were evaluated.
3.6

Statistics
Results for this study were first assessed for normality, and then a student t-test

(p<0.05) was conducted to determine significance. In the event that a non-normal
distribution was determined, a Mann-Whitney U test was conducted instead (p<0.05)
which similarly to the student t-test to compare two independent groups but may be used
on data which are not normally distributed. The results of the Mann-Whitney U test
include a report of the mean rank (U) and the statistical significance ( ).
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3.7

Effect of Proportional Control on Classification Accuracy
The use of ramp contractions during training, gradually increasing contraction

intensity from rest to the target motion, improves classification accuracy in pattern
recognition based myoelectric control [84]. The same has been confirmed with an FSRbased FMG system for as many as 16 grasp types [85].
As a preliminary investigation of the current HD-FMG system, the effect of
proportional effort on classification accuracy was considered. This analysis was used to
assess whether the collection of ramp information was critical to the performance of HDFMG-based classification for the high-resolution test platform used and whether only
proportional effort increasing from no motion to a maximum value was necessary, and if
including both the increase in effort as well as the decrease back to no-motion may be
beneficial.
Each of the trials was divided into segments of increasing and decreasing
intensities, and then further subdivided into thirds. The pressure signal for each of these
segments was labeled as a low, medium, and high level of actuation. Fig. 3-4 shows
example heat maps generated from the pressure profiles of the sensors across these
conditions for a representative participant in the constrained without feedback condition.
To assess the inter-level performance, each of these force levels was used to train
a classifier and was tested against all other force levels. An additional test was performed
with all the data combined (AD). As previously reported, it was found that classification
accuracy was impacted by differences between training and testing intensities. Classifiers
trained using one level of exertion performed poorly when tested against data from a
different level of exertion (Table 3-1).
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Ascending
Low

Medium

Descending
High

High

Medium

Low

NM

Flex

Ext

Pro

Sup

PG

HO

Fig. 3-4 Time averaged pressure sensor amplitude divided by effort level. NM = No motion, Flex =
Flexion, Ext = Extension, Pro = Pronation, Sup = Supination, PG = Power Grip, HO = Hand Open.

26

Table 3-1: Classification accuracy (%) at variable force target levels.

Test Set

Descending Ascending

Training Set

Ascending

Descending

L

M

H

H

M

L

AD

L

95.1

92.0

84.7

84.0

87.4

93.7

90.5

M

82.3

84.5

85.2

85.3

85.7

84.8

84.5

H

67.9

78.3

93.5

93.6

89.0

75.5

80.4

H

61.3

73.2

95.9

96.1

89.3

71.2

77.8

M

72.7

78.4

89.3

90.4

91.2

83.0

82.5

L

81.5

81.5

77.5

79.6

83.4

84.9

81.7

AD

99.6

99.3

99.3

99.0

99.2

99.3

99.3

Training with all data improved classification accuracy when testing with test sets
of any exertion level, and when testing with all data. Classification accuracy was lower
when training with ascending data and testing with descending, and vice versa. This
suggests that the patterns elicited when ramping into a contraction were substantially
different than those collected when returning to rest. Consequently, all subsequent HDFMG training in this work was completed with a full ramp of effort, gradually increasing
from no-motion, into the specific class of motion being trained, and then ramping
gradually back to no motion.
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Fig. 3-5. (a) Total classification accuracy and (b) R2 performance by the number of rows of sensors.
Horizontal dotted lines denote the corresponding performance when all rows are included.

3.8
3.8.1

Results
Channel Reduction
Fig. 3-5 shows how the inclusion of additional rows of sensors affected the

classification accuracy, and regression R2 correlation coefficient. The horizontal dotted
lines show the performance when all rows of sensors were included.
Total classification accuracy increases with the inclusion of two and three rows of
sensors, and then gradually decreases with additional rows (a). Regression R2 performance
also plateaus after three rows but continues to rise slightly until six rows are included (Fig.
3-5b). This approach to channel reduction is similar to channel reduction performed with
EMG for pattern recognition control which found no benefit in more than 4 symmetrically
placed bipolar pairs of electrodes [23].
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3.8.2

Force Feedback During Training
The torque output of the wrist was recorded using a tri-axial load cell during the

constrained condition trials. While this is impractical for clinical use with amputees
(without the use of bilateral training), the measured torque was used as a means of
evaluating the impact of real-time exertion level feedback and as a baseline comparison
for the visual training approach in the constrained condition. Both classification accuracy
and regression R2 correlation coefficients failed a test of normality, and a corresponding
Mann-Whitney U test found no significant difference in classification accuracy when
feedback was provided or not, (ρ = 0.693).

The R2 regression performance was

significantly better when no feedback was provided (U=2477, ρ<0.001). Regression
performance may have been worse with feedback because participants tended to overcorrect for small errors.
3.8.3

Regression Target Type
During training and testing, the subjects followed a visual target to guide their

exertion level. When real-time feedback was provided to the user, it reflected the values
measured by the torque sensor. As described by Ameri et al [42], this is not a viable option
for amputee subjects. As such, the performance of the regression was compared between
when the visual target (what they were asked to follow) was used as the training/testing
target, and when the torque target (what they actually produced) was used. When feedback
was provided, a Mann-Whitney U test indicated that the R2 correlation coefficient was
greater when the torque target was used (Mdn=0.900) than when the visual target was
used (Mdn=0.822), U=1918, ρ<0.001. When no feedback was provided, the R2 correlation
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coefficient was again greater when the torque target was used (Mdn=0.899) than when the
visual target was used (Mdn=0.848), U=2166, ρ<0.001.
3.8.4

Constraint Conditions
The suitability of constrained or unconstrained testing conditions with normally

limbed subjects has been debated for EMG control [86], and the presence or absence
constraint has been shown to affect the performance of EMG-based control [41]. To test
this comparison using HD-FMG, Mann-Whitney U tests were conducted to compare the
classification accuracy and R2 correlation coefficient for the constrained versus
unconstrained conditions. Contrary to results reported using EMG [41], neither
classification accuracy, (U=3109), (ρ=0.018) nor regression R2 correlation coefficient
(U=3153), (ρ =0.234) were significantly different between the two constraint types. This
may be partly because the median classification accuracy for both conditions was 100%.
3.8.5

Proportional Control
The use of a regression-based approach for proportional control also provided

more consistent offline performance both between classes, as well as between participants,
as visualized in Fig. 3-6 in which the visual target, the mean proportional control value,
as well as the distribution of proportional control values among all trials for all participants
represented as a 95% confidence interval.
The results presented by Wininger et al. [6], which demonstrated a high correlation
between a rectified sum of FSR values and grip force is corroborated by the MSA results
for power grip shown in Fig. 3-6. The MSA approach, however, fails to accurately track
other contraction types, such as the wrist articulations.
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MSA

Regression

Flexion

Extension

Pronation

Supination

Power Grip

Hand Open

Fig. 3-6. Class-specific qualitative performance of MSA and regression to predict effort. Including
the visual target value (solid black), the mean proportional control (dotted), and the 95% CI (grey)
for all participants and all trials.

The performance of the MSA and regression proportional control approaches are
shown in Fig. 3-7 for the six unconstrained motions and four constrained motions.
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Fig. 3-7. Class-specific proportional control R2 for constrained and unconstrained conditions with
standard deviation. MSA=mean signal amplitude, REG= regression, CON=Constrained,
UNC=Unconstrained.

3.8.6

Classification and Regression Accuracy
Table 3-2 shows a confusion matrix of the mean classification performance of all

participants after row reduction (to three rows) and thresholding for the constrained
without feedback condition. The comparable regression R2 correlation coefficients were
0.827, 0.861, 0.828, and 0.833 for flexion, extension, pronation, and supination classes,
respectively.
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Table 3-2: Classification accuracy confusion matrix, in percent, for the constrained without
feedback trials. Classes include no motion (NM), flexion (Fl), extension (Ex), pronation (Pr), and
supination (Su).

TEST
NM

Fl

TRAIN

NM 100.0 0.7

Ex

Pr

Su

0.6

0.8

1.3

0.0

0.0
0.1

Fl

0.0

99.3 0.0

Ex

0.0

0.0

99.4 0.0

Pr

0.0

0.0

0.0

99.2 0.0

Su

0.0

0.0

0.0

0.0

98.6

Similarly, the classification results for the unconstrained condition are summarized in
Table 3-3. The regression-based proportional control R2 correlation coefficients for the
unconstrained condition were 0.822, 0.844, 0.823, 0.844, 0.840, and 0.810 for flexion,
extension, pronation, supination, power grip, and hand open, respectively.

33

Table 3-3: Classification accuracy confusion matrix, in percent, for the unconstrained trials.
Classes include No motion (NM), flexion (Fl), extension (Ex), pronation (Pr), supination (Su),
power grip (PG), and hand open (HO).

TEST

NM Fl

TRAIN

NM 100

3.8.7

1.4

Ex

Pr

Su

PG

HO

0.0

3.2

0.1

1.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.1
0.0

Fl

0.0

98.6 0.0

Ex

0.0

0.0

99.7 0.0

Pr

0.0

0.0

0.2

96.7 0.0

Su

0.0

0.0

0.2

0.0

99.7 0.4

PG

0.0

0.0

0.0

0.0

0.0

98.6 0.0

HO

0.0

0.0

0.0

0.0

0.1

0.0

99.8

Amputee Comparison
The amputee subject achieved a total classification accuracy of 83.42±3.47% and a

mean active classification accuracy of 85.60%. The mean R2 correlation coefficient for
the regression-based method achieved an R2 of 0.375.
3.9

Discussion
In this work, two different proportional control algorithms, MSA and regression,

were compared for use in conjunction with pattern-recognition based HD-FMG control.
A novel class-specific regression proportional control for multi-class HD-FMG-based
pattern recognition was proposed. The commonly used MSA approach was shown to be
ineffective for HD-FMG-based multi-class control of the wrist and hand. The proposed
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method obtained significantly better R2 regression correlation coefficients (ρ<0.001) of
0.837 for constrained trials than for unconstrained trials (0.830), whereas the MSA based
proportional control resulted in values of 0.510 and 0.414, respectively.
Providing force feedback during collection was found to have no significant effect
on classification accuracy but did reduce regression R2 correlation coefficient (ρ=0.001).
This may have been the result of participants performing small over-corrections in the
contractions while attempting to more closely follow the torque target. Training the
regression models using a torque target was shown to provide an improvement over the
use of a visual target (ρ<0.001). Use of the torque measurement yielded a mean R2
regression coefficient of 0.879, whereas training using the visual prompt produced an R2
with a mean of 0.847 (96.4% of that of the torque target). These results indicate that there
is little benefit to having a true torque, either for providing user feedback during training
or for use as a target for training a regression model. This is promising as the condition
without feedback and with no torque signal available is more clinically relevant as these
measurements are not available for amputees. It does indicate, however, that there is an
opportunity to improve the visual training process with more suitable regression
algorithms or novel training methods.
No significant difference was found in the R2 correlation coefficient between the
two constraint conditions. This consistent performance regardless of constraint condition
is promising as this control approach should translate more readily to amputee subjects,
regardless of whether their muscular effort more closely resembles constrained or
unconstrained contractions.
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While the information present in the full set of sensors was found to be redundant
through the process of sensor reduction, this approach also appears to be resilient to
overfitting as there was a decrease of less than 2% in classification accuracy and R2 when
all rows of sensors were used when compared to when only three rows were used.
The proposed proportional control system involves a two-step prediction process,
first using the data to predict an active class using an SVM classifier, then implementing
a class-specific proportional control estimation using a regression model. This additional
step may be avoided if a purely regression-based model were used as is commonly the
case with EMG based regression [41] however, while a purely regression-based approach
has been evaluated in a controlled environment it has yet to be proven in a commercially
available prosthesis. This approach combines the clinically proven approach of using
classification-based pattern recognition to derive control signals with an improved level
of proportional control.
While constrained to the offline investigation, this work focused on understanding
the challenges of deriving a proportional control scheme for HD-FMG and demonstrating
the efficacy of the class-specific regression approach. The next stage addresses real-time
‘user in the loop’ control. Additionally, to demonstrate the practical value for HD-FMGbased control, the effects of dynamic loading and external perturbations (such as leaning
on a table) must be evaluated. This will necessitate the fabrication and fitting of custom
sockets for each patient to accurately reflect the clinical potential of such systems.
Additional logic, such as rejection [87], will likely be required to accommodate the
introduction of unknown pressure patterns.

36

The amputee data supports the hypothesis that HD-FMG is a functional alternative to
EMG for upper limb prosthetic control via pattern recognition from a classification
accuracy perspective. The regression-based proportional control algorithm did not
perform as well on the amputee data, only achieving a mean R2 correlation with the visual
target of 0.375. This is lower than the unconstrained case for able-bodied subjects
(R2=0.83) for this particular amputee, possibly due to difficulty in visualizing contraction
level modulation without feedback. This may be remedied in the use of a prosthetic limb
that would provide real-time feedback in the form of device speed.
3.10 Conclusion
A control scheme has been developed for HD-FMG pattern recognition which
accounts for the complex nature of the pressure profiles during varying contraction
intensity. It is shown to be generalizable across wrist and hand motions in constrained and
unconstrained conditions. This method employs SVM classification to determine the
active class and then uses class specific regression models to derive the proportional
control. This system has the advantage of being based on a classification-based control
system which has been proven to be very robust. Supplementing HD-FMG pattern
recognition with regression-based proportional control should significantly improve the
real-time usability of such an approach, which is currently under investigation.
Earlier comparisons of EMG classification accuracy between the intact limb and
residuum of amputee participants found a reduction in classification accuracy when using
their residual limb of 15% when compared with classification accuracy attained when
using their intact limb [88]. This reduction in accuracy for the EMG based approach is
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attributed to an absence of anatomical features and muscle tone and volume [7]. The HDFMG system tested in this study was observed to provide similarly high classification
accuracy for able-bodied and amputee participants.

The class-based regression

proportional control algorithm developed in this study using data from able-bodied
participants performed exceptionally well. The proportional control performance with the
amputee was not as robust, suggesting that a better training protocol is required which
provides real-time feedback of contraction intensity. Clearly, more limb deficient subjects
are required for a definitive conclusion. The range of variations in musculature and motor
pathways is diverse in limb deficient individuals, so this will require extensive
experimentation.
The scope of this investigation was also limited to offline analysis of recorded data.
This investigation was undertaken with the goal of developing a proportional control
approach for use with HD-FMG to compare against an EMG based pattern recognition
system in a real-time performance comparison.
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4

HD-FMG vs EMG: A Comparison of Usability for Real-time
Pattern Recognition Based Control

4.1

Introduction
Although FMG-based pattern recognition has not yet been deployed clinically, it

may pose potential advantages over EMG. High classification accuracies demonstrated in
prior studies, however, do not guarantee that FMG based devices will be robust in realtime use. In 2005, Lock et al. [43] found that EMG-based pattern recognition showed low
correlation between offline classification accuracy and completion times in a virtual
functional test. This is, in part, because usability involves multiple factors including
feedback [89]–[91], understanding of the task itself [95][96], dynamics such as
proportional

control

[87][97][32][33],

and

longer-term

signal

stability

and

repeatability [98][99]. The high offline classification accuracies demonstrated in previous
studies [4][11][100]–[102] indicate that FMG is highly capable of determining the intent
of the user, but the real-time usability remains largely unexplored [66]. This section of the
work focuses on a direct comparison between EMG- and HD-FMG-based pattern
recognition in a real-time target acquisitions task using both classification and regressionbased controllers.
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4.2

Experiment
Twenty right-handed, able-bodied participants took part in this study (19 male, 1

female with a mean age of 29.55 ± 9.77 years). All participants provided informed
consent, as approved by the University of New Brunswick’s Research Ethics Board
(REB # 2015-133) in accordance with the Canadian Tri-Council Policy Statement
regarding ethical conduct for research involving humans.
Trials were conducted with the participants seated in a chair mounted with a six
DoF load cell in a hand restraint, as described in Chapter 3. The chair also contained an
elbow and wrist rest, along with a wrist restraint to limit any unnecessary motion of the
arm, as shown in Fig. 3-3. All visual prompting and data recording was accomplished
using a custom MATLAB™ graphical user interface displayed directly in front of
participants that displayed visual targets and the cursor controlled by the participant, as
shown in Fig. 4-1 [18].
4.3

EMG Data Acquisition and Processing
EMG signals were collected using a cuff of 8 UNB smart electrodes [60]. Signals

were analog notch filtered at 60 Hz, bandpass filtered between 20-450 Hz using a 3rd order
Butterworth filter, and sampled at 1000 Hz. The cuff was placed around the forearm of
the subject, roughly one-third of the distance from the elbow to the wrist.
EMG features were extracted from 160ms windows overlapped by 16ms. The
common set of time domain features proposed by Hudgins et al. [28] (mean absolute
value, waveform length, zero crossings, slope sign changes) were extracted to represent
the EMG data for classification. For the classification system, a support vector machine
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(SVM) classifier with a linear kernel was trained using the features extracted from the five
classes of motion requiring proportional control (excluding no-motion), with proportional
control derived by a class normalized mean of mean absolute values (MAV) approach
[100]. For the regression case, a separate support vector regression (SVR) model was
trained for each of the classes of motion. The same TD features were extracted as for the
classification case, and the model was trained using the visual prompts as the training
targets. In each case, the data used to train the other DoF was re-labeled as no-motion and
included in the training to reduce potential unintentional co-activation (e.g. periods of
wrist pronation were included in the training of the hand open/close DoF but labeled as
no-motion) [29][104].
4.4

HD-FMG Data Acquisition and Processing
HD-FMG signals were collected using a custom socket instrumented with 3 high-

density force sensor boards provided by Smart Skin Technologies (Fredericton, New
Brunswick) [102]. The grids of 16x24 sensor elements were similar to the those used in [3]
but with higher resolution (due to availability). The sensors grids were adhered inside of
a thermoset plastic cuff (roughly formed to fit an average forearm size, with some
flexibility built in to accommodate a range of subjects) and anchored to the proximal
forearm. The Smart Skin boards include their own internal sampling system and stream
the full set of sensor values over Bluetooth at a rate of 15 Hz.
Although the HD-FMG cuff contained 384 sensor elements in total, it has previously
been shown [3] that so many sensors are unnecessary. As a result, only 6 contiguous
circumferential rows (144 sensors in total) were used to avoid using distal rows or those
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compromised by socket fit [103]. Row selection was performed on a subject-by-subject
basis (due to socket fit) using the R2 correlation coefficient with the regression target as
the selection criteria. Unlike EMG, which is stochastic and highly variable, HD-FMG
signals are naturally filtered by mechanical processes. As a result, the raw pressure sensor
outputs can be used directly as features for HD-FMG classification. As in the EMG case,
an SVM classifier was trained using the 5 classes of motion for the HD-FMG-based
classification system. Similarly, the same approach as previously described with EMG
was used to train the corresponding HD-FMG-based regression system.
4.5

FMG-Based Proportional Control
Real-time EMG classification-based control was achieved by pairing the classifier

output with a commonly reported proportional control scheme (the average of the mean
absolute values of all channels) [84]. For HD-FMG, this traditional approach is
insufficient, as the average HD-FMG value does not increase monotonically with
contraction intensity [103]. Although the mean amplitude of HD-FMG channels produces
a reasonable approximation for certain motions (those that primarily exhibit a uniform
increase in pressure around the circumference of the arm) other motions exhibit an inverse
relationship between contraction level and pressures recorded on certain channels (the
muscle contracts inward).
In Chapter 3, a class-specific proportional control scheme was introduced based
on a linear combination of HD-FMG channel values. This approach was implemented
here by training class-specific SVR regression models with the classifier training data and
the amplitude of the corresponding visual prompts as the regression targets. In this way,
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the proportional control output was computed during the Fitts’ law style test using the
class-specific regression model corresponding to the currently identified HD-FMG class.
4.6

Performance Evaluation
Performance in the target acquisition test was evaluated using throughput, path

efficiency, number of timeouts, overshoot, stopping distance, and average speed, as
previously reported in [30][80][107][108]. An additional metric – simultaneity of
movements – was also adopted, as defined below, for the regression-based control tasks.
Throughput (TP) is defined as the ratio of the index of difficulty (ID) to the
movement time (MT), where ID is proportional to the target width (W) and distance (D)
to the target, as described in equation (2).
=
=

(2)
+1

(3)

Efficiency (EFF) for classification systems was defined as the ratio of the shortest
Manhattan distance traveled by the cursor to the target (composed of horizontal ( )
coordinate and vertical ( ) coordinate components) divided by the horizontal (
vertical (

) and

) distance traveled, as shown in equation (4) and then expressed as a

percentage in which a higher efficiency outcome relates to a more optimal path traveled
by the cursor in arriving at the target:
=

| |+

|
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(4)

For the regression systems, the Euclidian distance was used (to account for simultaneous
activations of degrees of freedom), as shown in equation (5) and then expressed as a
percentage in which a higher efficiency outcome relates to a more optimal path traveled
by the cursor in arriving at the target:

=

| | +
|

| +

(5)

Average speed (AS) was computed as the average non-zero speed of the cursor
over the trial. The number of timeouts (NT) was computed as the percentage of failed
targets due to the 10-second timeout. Trials which were not completed were not included
in the statistical analysis of other metrics. Overshoot (OS) was computed as the average
number of times a target was exited after initially being acquired. Stopping Distance (SD)
was computed as the total distance traveled within the target during the one second dwell
time. Simultaneity (SM) was calculated as the percentage of time that both DoF were
active.
For each result, normality was evaluated based on their skewness and kurtosis and
then tested using t-tests. In the case of failed tests for normality, a Wilcoxon-MannWhitney U test was used instead. Results were considered significant for significance
level p < 0.05.
4.6.1

Training
For both the EMG and HD-FMG-based systems, classification and regression

control methods were investigated as outlined below. For classification training, data were
acquired for 5 classes of motion (wrist pronation/supination, hand open/close, and a no
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motion rest class). For each active class, four training repetitions of 4 seconds each were
collected by having the user follow a ramp prompt that began at rest, increased to a peak
contraction, then gradually decreased back to rest. For regression training, this was done
on a degree of freedom basis by oscillating between antagonist motion pairs (wrist
supination/pronation, and hand open/close). These regression training sessions lasted 8
seconds each to ensure equivalent amounts of training data between the two control
schemes.
Usability performance was evaluated for each of the four permutations of EMG/
HD-FMG and classification/regression, using a Fitts’ law style target acquisition test, as
previously described in [18]. Participants were seated, with the appropriate cuff donned,
and instructed to place their hand in the load cell portion of the chair, while ensuring that
they could still close their hand. After training, participants were asked to practice by
acquiring 10 targets in the Fitts’ law environment as an acclimatization period for the new
control type. Once comfortable, participants completed the Fitts’ Law target acquisition
task, consisting of all combinations of three target widths (10, 15, and 25% of the screen
size) and two target distances (50 and 100%), with a one-second target dwell time. Target
distance and width order were randomized. A target was considered failed and timed out
if not acquired within 10 seconds. This entire process was completed four times for each
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of the four control schemes/systems tested, with a randomized order of appearance to
mitigate any learning effects.

Fig. 4-1. An example of the Fitts’ law-style virtual task for two degrees of freedom. Wrist
pronation/supination were used to rotate the line cursor into the target arc, while hand open and
power grip were used to move the entire cursor into the square target.

4.7

Results
Figures 4-2 through 4-5 show examples of paths traveled by a representative

inexperienced participant over 4 trials for each of the control types. Fig. 4-2 through
Fig. 4-5 show the path traveled by a representative inexperienced participant over 4 trials
for each of the control types. Fig. 4-2 and Fig. 4-4 demonstrate the sequential behavior of
classification-based control using EMG and HD-FMG respectively, while Fig. 4-3 and
Fig. 4-5 demonstrate the partial use of simultaneous activation with the regression-based
controllers.
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Fig. 4-2 Path traveled for four repetitions of a Fig. 4-3 Path traveled for four repetitions of a
representative user for EMG classification-based representative user for EMG regression-based
control.
control.

Fig. 4-4 Path traveled for four repetitions of a Fig. 4-5 Path traveled for four repetitions of a
representative user for HD-FMG classification- representative user for HD-FMG regressionbased control.
based control.

4.7.1

Performance Metrics
An independent samples t-test comparison of the throughput metric revealed that

the FMG-based systems significantly outperformed the EMG-based systems for both
classification and regression, as shown in
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Table 4-1. For classification trials, the distributions of path efficiency for both
EMG and HD-FMG were highly skewed (-2.026 and -2.101 respectively; kurtosis was
6.749 and 7.264 respectively) due to several 100% efficient trials. After applying a
logarithmic transform on the data, the skewness was reduced to -0.769 and -0.440,
respectively. An independent samples t-test was then conducted to compare the efficiency
between sensor types. The HD-FMG-based system was found to have significantly higher
path efficiencies than for classification-based control (p = 0.003).
For the regression trials, the path efficiency distribution for EMG was moderately
skewed toward 100%, while the HD-FMG results were approximately symmetric.
Skewness values were -0.942 and -0.141 respectively; kurtosis was 3.296 and 0.176
respectively. An independent samples t-test indicated that HD-FMG again had
significantly higher path efficiencies than EMG (p < 0.001).
The average speed of the EMG-based system was significantly higher than HDHD-FMG for both control types (p<0.001 in both cases). No significant difference was
found between stopping distance of EMG and HD-FMG-based systems for either of
control types. An analysis of the use of simultaneous movements showed that subjects
employed significantly more simultaneity with the HD-FMG-based system than with the
EMG system. After failing tests of normality, Mann–Whitney U tests were conducted on
the number of timeouts and overshoot. The HD-FMG-based system was found to incur
significantly fewer timeouts for both the classification and regression control schemes
(p<0.001 in both cases). No significant difference was found between the overshoot for
EMG and HD-FMG-based systems for the classification trials. For the regression control
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trials, however, the HD-FMG-based system yielded significantly less overshoot
(p<0.001). (p=0.732).
As a secondary analysis, the performance of the regression and classificationbased approaches were also compared within sensor type. In both the EMG and HD-FMGbased sensor types, the classification control scheme yielded significantly higher
throughputs (p < 0.001, and p < 0.001, respectively). This is consistent with recent results
reported by Shehata et al [106], who showed that short-term classification performance
was superior to that of regression in this form of a virtual target acquisition task however
in the case of larger target distances or more complex compound movements the
regression-based approach may prove beneficial.
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Table 4-1: Summary of target acquisition task results for HD-FMG and EMG classification and
regression-based control schemes.

CLASSIFICATION
EMG

HD-FMG TEST

REGRESSION
Ρ

EMG

HD-FMG TEST

Ρ

0.75 ± 0.22

0.90 ± 0.27

t-test <0.001 0.69 ± 0.20 0.87 ± 0.24

t-test

<0.001

EFF 83.2 ± 7.78

87.2± 8.71

t-test =0.003 58.8 ± 7.13 64.8 ± 5.32

t-test

<0.001

NT

11.6 ± 14.4

6.00 ± 9.35

MW <0.001 8.23 ± 11.0 3.23 ± 6.53

MW

<0.001

AS

54.9 ± 14.8

44.8 ± 11.6

t-test <0.001 39.0 ± 10.1 31.6 ± 9.2

t-test

<0.001

OS

0.29 ± 0.45

0.34 ± 0.73

MW

0.732 0.26 ± 0.40 0.15 ± 0.26

MW

<0.001

SD

9.01 ± 3.88

9.18 ± 3.98

t-test

0.495 8.46 ± 3.38 8.20 ± 3.08

t-test

0.213

SM

N/A

N/A

22.5 ± 10.3 14.2 ± 10.6

t-test

<0.001

TP

* Results shown as mean ± standard deviation; TP=throughput; EFF = efficiency (%); NT=average number of timeouts
(percent); AS=average speed (% max); OS=overshoot (mean number of overshoots per trial); SD=stopping distance
(bits), SM=simultaneity (% of time active).
** Columns Test and P denote the statistical test used and the corresponding p-value.

4.8

User Preference
Participants were asked to rank the four different combinations of control type and

sensor type based on their own perception of usability at the end of the trial. Subjects were
informed at the beginning and reminded to maintain a mental ranking of the control types
periodically throughout the procedure. This ranking was accomplished through a simple
ordering from best-perceived control to worst perceived control. These rankings were then
assigned ordinal scores (1 for a first-place ranking, 2 for a second, … 4 for fourth. The
results are shown in Table 4-2.
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Table 4-2 - User preference of control type showing the number of times ranked in each
position and the mean rank for each.

1ST

Control
EMG Classification
EMG Regression
HD-FMG Classification
HD-FMG Regression

RANKING
3RD 4TH MEAN
2
9
8
3.2
7
4
5
2.5
6
3
6
2.5
5
4
1
1.8

2ND

1
4
5
10

*Note: C=Classification; R=Regression.

4.9

Discussion
Overall, it was found that the HD-FMG-based systems consistently outperformed

the EMG-based systems. This was true for both the classification and regression control
schemes across nearly all metrics. This advantage was also reinforced by the subjective
user ratings which showed a preference for HD-FMG.
There was no significant difference between the classification and regression
approaches for either EMG (p=0.059) or HD-FMG (p=0.443) despite a trend favoring the
classification-based schemes (0.756 ± 0.222) versus (0.692 ± 0.200) and (0.902 ± 0.270)
versus (0.871 ± 0.241) respectively. Similarly, the classification schemes were also
subjectively preferred by the participants for both the EMG and HD-FMG-based systems.
This comparison adds additional evidence to the debate between the robustness of
classification-based controllers versus the dexterity of regression-based controllers.
It is interesting to note that average speed was significantly higher for EMG-based
classification and regression than their HD-FMG-based counterparts. This may be a
consequence of more time spent at lower control velocities for HD-FMG and a
corresponding reduction in the frequency of ballistic movements. It is also possible that
51

this number is skewed by classifier error, as subjects tend to instinctively contract more
strongly in response to misclassification. This seldom has the desired effect, however, and
can lead to increased speeds.
The path efficiencies were found to be significantly higher for HD-FMG for both
control schemes. This suggests that participants were able to move more directly to the
target with fewer extraneous movements. In many instances, participants exhibited
sequential activations when using regression control with HD-FMG, despite the
availability of simultaneous control, as shown in some of the path traces in Fig. 4-5. This
is reinforced by the fact that subjects spent more time activating multiple degrees of
freedom when using EMG than HD-FMG. Despite this less efficient sequential behavior,
participants still obtained higher efficiencies with HD-FMG due to a higher overall
accuracy. The lower simultaneity of the HD-FMG-based regression may be a result of
the regressor being finely tuned to individual classes (combined motions were not ‘trained
into’ the model). Although it would increase training time, it is possible that incorporating
combinations of DoFs during training would further improve performance and encourage
the simultaneity, as has been shown with EMG [107].
It should be noted this study included only able-bodied participants. Although this
has been the case for most HD-FMG studies thus far [4][35][36], some have included
amputee participants [5][6] and supported the applicability of HD-FMG for this
population. In the EMG literature, similar relative trends have been found between ablebodied and amputee subjects (with a reduction in absolute accuracies) [88]. While the
absolute performance of an HD-FMG based system will likely be reduced when used by
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amputees due to lower muscle tone and volume [7], the amount of decrease remains to be
determined.
Although this work directly compared, for the first time, the usability of HD-FMGand EMG-based systems in a real-time, user-in-the-loop target acquisition task, the
experimental protocol was still constrained. A natural and necessary progression will be
to evaluate the performance of these systems in real usage scenarios (such as the effects
of dynamic loading and external perturbations). Additional logic, such as rejection [87],
will likely be required to accommodate the introduction of unknown pressure patterns.
4.10 Conclusion
HD-FMG continues to show great promise as a control input for human-machine
interfaces such as prosthetics. This investigation extended this affirmation from offline
studies to a real-time performance evaluation using two commonly used control types.
HD-FMG based control consistently outperformed EMG control when using both
classification and regression and was also subjectively preferred by users. Improvements
in regressor design and/or training may further improve the degree of simultaneity of HDFMG.
Translation of HD-FMG control to amputee populations will require careful
consideration of the HD-FMG sensor array design. It must be effectively customized to
best capture muscle deformation while accommodating the wide variation in residual limb
geometry, musculature, socket fit, and skin conditions. A force myography platform
which can be applied to the interior surface of existing prosthetic sockets would provide
an ideal research platform without incurring the additional cost of producing new sockets.
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Nevertheless, its consistently demonstrated superiority in both offline and now online
usability experiments suggest that it is worth continued investigation as an alternative to
EMG.
Further investigation is also warranted to develop and evaluate methods of
mitigating the effect of socket loading effects, either from the dynamic motion of the limb,
from the weight of objects being held, or through contact of the socket with exterior
objects. This will necessitate the construction of custom and individually sized and fitted
sockets for each subject, making it an ambitious but worthy pursuit.
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5

Discussion and Conclusions

In Chapter 3, a class-specific regression-based proportional control algorithm was
compared with the more traditional method of deriving proportional control by averaging
sensor outputs. The proportional control based on mean signal values, which is analogous
to the MAV-based proportional control approached commonly employed by EMG based
pattern recognition systems, was shown to be insufficient for certain classes of motion
when using HD-FMG. While this approach performed well for power grip and flexion
motions, it was not applicable to hand open, wrist extension, and wrist pronation.
Several aspects of the newly proposed algorithm were evaluated. The regression
training was shown to perform well without needing a torque signal for training, and
without visual feedback during the training process. While neither the constrained nor
unconstrained conditions with able-bodied participants can perfectly emulate the
physiology of an amputee, the results for both conditions were similar. This suggests that
future experiments may not require the use of an instrumented chair to collect torque
signals or constrain subject motions.
This protocol was also repeated with an amputee subject. Earlier studies have
shown a reduction in classification accuracy of approximately 15% for amputees using
their residuum as compared to using their intact arm [88]. This reduction in accuracy is
attributed to the absence of anatomical features, muscle tone, and volume. The HD-FMG
system tested in this study was shown to provide similarly high classification accuracy for
this amputee participant as for the able-bodied participants. The class-based regression
proportional control developed using data from able-bodied subjects, however, did not
perform as well for the amputee subject. The amputee may have had more difficulty
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visualizing a specific torque output during training or the musculature in the residual
forearm may have been sufficiently different from the able-bodied subjects to compromise
the fidelity of the regression-based model. Because classification is based on the same
information source (the signal amplitudes) and remained high, this suggests that the
patterns remain separable but with possibly less graded control of intensity. Additional
work with amputees and HD-FMG is needed to understand how this may vary across
subjects.
The range of variations in musculature and motor pathways is diverse in limb deficient
individuals, so this will require extensive experimentation.
The control scheme developed in Chapter 3 accounts for the complex nature of the
pressure profiles during varying contraction intensity. It employs SVM classification to
determine the active class, but a class-specific regression model to derive the proportional
control. This system has the advantage of being based on a classification-based control
system which has been proven to be robust and clinically relevant [16]. The real-time
usability of this same control method, along with a purely regression-based control
approach was assessed in Chapter 4. This extended the offline studies of Chapter 3 and
provided a direct real-time performance comparison with an EMG-based system using the
two most commonly used control schemes.
HD-FMG-based control consistently outperformed EMG-based control, whether
using classification or regression and was subjectively preferred by the users.
Improvements in regressor design and/or training may further improve the degree of
simultaneity of HD-FMG.
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Translation of HD-FMG control to amputee populations will require careful
consideration of the HD-FMG sensor array design. It must be effectively customized to
best capture muscle deformation while accommodating the wide variation in residual limb
geometry, musculature, socket fit, and skin conditions. Nevertheless, it has consistently
demonstrated superiority in both offline and now online usability experiments, suggesting
that it is worth continued investigation as an alternative to EMG-based control.
5.1

Contributions
This work has extended the body of knowledge of HD-FMG for human-machine

interface control in a number of ways. An initial investigation demonstrated that
conventional proportional control methods were insufficient for use with HD-FMG when
considering a range of motion classes. Consequently, a class-specific regression-based
proportional control algorithm was developed that outperformed the existing approach in
a target tracking experiment.
Contributions were made to the training of HD-FMG-based systems that simplify
future experimental requirements by evaluating the impact of various training methods.
The use of a torque signal, which measured the true output generated by able-bodied
subjects, was found to be unnecessary for training regression models, as simply using the
visual prompt provided to the user during training was found to provide comparable
results. Furthermore, the use of real-time feedback during training was also found to be
unnecessary in this context, as was the need for constraining the limb of able-bodied
subjects.
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The primary contribution of this work was the head-to-head comparison of the realtime usability of HD-FMG and EMG-based control systems. This usability was measured
using accepted and objective performance metrics based on Fitts’ Law as well as a
subjective ranking of the quality of control by the test participants. The HD-FMG based
system was found to outperform the EMG based system when using either classification
or regression-based control types. No significant difference was found between the HDFMG-based classification and regression control metrics; however, the classificationbased approach was preferred by test participants. These results represent the first time
such a head-to-head comparison has been completed between these two sensor modalities
and supports the exciting potential of HD-FMG.
5.2

Future Work
It should be noted this focused primarily on able-bodied participants, although an

amputee subject did participate in the assessment of the novel proportional control
method. This has been the case for most HD-FMG studies thus far [4][35][36] with only
a handful having included any amputee participants [5][6]. Nevertheless, their
participation supported the notion that HD-FMG may be effective for this population.
Generally, similar trends, but with reduced accuracies have been reported in studies
comparing able-bodied and amputee subjects [88]. Given that HD-FMG was shown to
consistently outperform EMG in this work (and increasingly so for more difficult targets),
it is conceivable that the use of HD-FMG may reduce the performance difference between
able-bodied and amputee subjects. While the reduction in accuracy may be attributed to
an absence of anatomical features and muscle tone and volume [7], it also underscores the
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need to have HD-FMG sensor arrays that can be customized to capture muscle
deformation effectively. While this study supports previous evidence that control is
somewhat reduced for amputees as compared to their able-bodied counterparts, further
study is needed to determine whether the classification and proportional control
performance of HD-FMG is more or less impacted by the characteristics of amputation or
congenital limb differences than EMG. The regression-based proportional control
algorithm should be further evaluated using additional amputee data to determine the
robustness of the proposed proportional control algorithm.
Any dynamic loading effects on the HD-FMG cuff were limited in this study by
restricting the movement of the limb and not placing any external load on the cuff (such
as to simulate a terminal device). The presence of one or both of these loading effects
could have an adverse effect on the real-time performance of the system and further
examination is required to evaluate the real-world applicability of this technology.
Certainly, additional control logic may be necessary to accommodate for the external
perturbations. The impact of limb position and socket loading on real-time performance
should be investigated, following the offline work conducted by Radmand et al [3]. This
will necessitate the construction of custom and individually sized and fitted sockets for
each subject, making it an ambitious but worthy pursuit. Additional sensors on the
terminal device may play a role in measuring the weight of any items being carried, or the
orientation of the socket, and may facilitate modeling of these external factors. Additional
use cases for other applications, such as human-computer interfaces, also hold promise
and may be further investigated.
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Finally, the HD-FMG signal can be drastically different depending on the type of
sensor being used and the type of backing material and support structure holding it to the
forearm. As such, the conclusions that can be drawn from any particular work are limited
by the implementation of the HD-FMG system being used. Although care was taken in
this work to develop a robust HD-FMG system, there remain many opportunities to refine
and optimize the design of such a system. A more purposefully designed HD-FMG-based
control system could facilitate even greater advantages over EMG than described here. A
real-time evaluation of several HD-FMG devices using different sensors could provide
additional insight into the influence that these sensors have on the performance of HDFMG systems.
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