ABSTRACT

Myoelectric Sensing for Intent Detection and Assessment in Upper-Limb Robotic
Rehabilitation

by

Craig G. McDonald

This thesis explores how surface electromyography (EMG) – the measurement of
muscle force through voltage changes at the skin surface – can be of use to the field of
upper-limb robotic rehabilitation. We focus on two main aspects: detecting human
intention from measured muscle activity and assessing human motor coordination
through synchronous muscle activations known as muscle synergies – each examples of
the bidirectional communication found in tightly integrated human-robot interaction.
EMG-based intent detection presents an opportunity to examine and promote human
engagement at the neuromuscular level, enabling new protocols for intervention that
could be combined with robotic rehabilitation, particularly for the most impaired of
users. Meanwhile, the latest research in motor control proposes that natural, healthy
human movement can be characterized by the presence of certain muscle synergies,
and that the alteration of these synergies indicates a disruption, from neurological impairment or some other physical constraints, in natural movement. Wearable robotic
devices are capable of altering muscle synergies, and though the mechanisms are not
yet understood, a focus on altering muscle synergies is a promising new approach
to neurorehabilitation. This thesis employs a robotic exoskeleton for the elbow and
wrist joints designed for research in robotic rehabilitation of individuals with neu-

rological impairments and now integrated with a myoelectric control interface. We
first demonstrate the ability of a myoelectric interface to discern the user’s intended
direction of motion in single-degree-of-freedom (DoF) and multi-DoF control modes
with 10 able-bodied participants and 4 participants with incomplete cervical spinal
cord injury (SCI). Predictive accuracy was high for able-bodied participants (averages
over 99 % for single-DoF and near 90 % for multi-DoF), and performance in the SCI
group was promising (averages ranging from 85 % to 95 % for single-DoF, and variable
multi-DoF performance averaging around 60 %), which is encouraging for the future
use of myoelectric interfaces in robotic rehabilitation for SCI. Second, we explore the
identification of synchronous muscle synergies in the muscles controlling the elbow
and wrist, and the possible effects of robot-imposed task constraints on the neural
constrains represented by synergy patterns. Our results indicate that constraining
the unused degrees of freedom during a single-DoF movement inside the exoskeleton
have relatively small effect on the underlying muscle synergies in the task.With all
of these findings, we have achieved a deeper understanding of the value myoelectric
sensing can bring to upper-limb robotic rehabilitation, and how much potential it
has to advance the field toward greater accessibility to individuals of all levels of
impairment.
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Chapter 1
Introduction
Robotic rehabilitation is recommended as an intervention for restoring motor coordination following stroke [6], and increasingly, there is evidence that individuals with
incomplete spinal cord injury (SCI) could also benefit from the intensive rehabilitation
of the upper limb that can be realized with robotic devices [7]. In the SCI population,
retaining and/or regaining arm and hand function is the highest ranking priority in
recovery among those with paraplegia and tetraplegia, chosen more frequently over
walking, bladder/bowel control, sexual function, and relief of pain [8]. However, compared to robotic training after stroke, there is a general lack of controlled clinical
trials focusing on upper-limb robotic devices for SCI [7]. There is also a recognized
clinical need for further development of assessments of upper-limb function in SCI [9]
– a task that rehabilitation robots may be especially well-equipped to handle.
An important aspect of robotic rehabilitation of the upper limb is to ensure that
the participant is engaged during therapy [10]. One way to achieve engagement is
to make the action of the robot contingent on some indication of movement intent
by the user [11]. According to sensorimotor integration theory [12], the synchronous
timing of volitional muscle activity and sensory feedback from movement is likely to
enhance motor learning and induce plasticity in undamaged regions of the nervous
system [13, 14, 15]. For SCI individuals who lack much motor coordination, there is
evidence that muscle activity persists, even below the level of injury [16,17]. For these
individuals, the measurement of electrical activity in the muscles through electrodes
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placed on the skin – called surface electromyography (EMG) – provides a means to
access that movement intention.
The use of electromyography in rehabilitation as a signal to trigger assistance is
proven to be effective for neuromuscular stimulation in the treatment of stroke [18], as
well as for neuroprostheses for amputees [19]. There has been interest in using these
signals in the rehabilitation domain as a control input for robot-supported upperlimb movement [20, 21, 22], and there even have been recent efforts to characterize
the upper-limb muscle activity of individuals with incomplete cervical SCI using a
variety of advanced EMG-based approaches [23,24,25]. The field of upper-limb robotic
rehabilitation still faces the challenge of how to incorporate EMG signals robustly into
robotic control methods that promote motor learning and recovery.
Recent advancements in computational techniques have enabled the use of muscle
synergy analysis to study and quantify how specific muscles work synchronously to
generate movement [26, 27]. This type of analysis reveals characteristic patterns of
muscle recruitment that can be identified from multi-channel EMG data, and can be
used to approximately reconstruct EMG data recorded from biomechanically similar
tasks [28]. There is some evidence to suggest muscle synergies are a more robust
control input when compared to other commonly-used control signals derived from
EMG [29]. Importantly, muscle synergies can also be a method for assessing the
impact of robotic therapy or a given intervention [30,31,32]. There are comparatively
few studies, however, on the muscle synergies involved in wrist articulation [33].
This thesis explores how surface electromyography – the measurement of muscle force through voltage changes at the skin surface – can be of use to the field
of upper-limb robotic rehabilitation. In the remainder of this chapter, we provide
some background on the fields of robotic rehabilitation and electromyography, intro-
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duce the hardware and experimental methods used in our experimental work, and
highlight the main contributions of the thesis. Chapter 2 is a review of methods of
detecting human intent in the context of shared control for physical human robot
interaction. In Chapter 3, we present the design and assessment of a myoelectric
control interface to an exoskeleton for the elbow and wrist. In Chapter 4, we consider
the identification of muscle synergies controlling the elbow and wrist while wearing a
robotic exoskeleton, and the potential alteration of those synergies when certain task
constraints are provided by the robot. Finally, we discuss the conclusions that can
be drawn from our results in Chapter 5, as well as our anticipated future directions
for this work.

1.1

Upper-Limb Robotic Rehabilitation

One of the earliest major contributions to the field of robotic rehabilitation was
the seminal work by Krebs and Hogan [34] in the 1990s, who introduced the MITMANUS, an experimental platform to study robotic neurorehabilitation of the shoulder and elbow. The MIT-MANUS, Figure 1.1a, is a planar robotic arm based on a
five-bar, parallel drive selective compliance assembly robot arm (SCARA), with an
end effector, or handle, to comfortably interface with the user’s hand and forearm.
The researchers made use of the then-novel impedance control approach, allowing
stable, compliant interaction with the patient [35].
Soon after, Lum, Burgar, and Van der Loos [37] developed the Mirror-Image
Motion Enabler (MIME) robotic system, Figure 1.1b. This is a bilateral system,
meaning that there are two robots – one interacting with each arm – and one arm
of the patient is controlled to mimic the other as a robotic teleoperation setup. The
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(a) MIT-MANUS [36]

(b) MIME System [37]

(c) ARM Guide [38]

Figure 1.1 : The first generation of upper-limb robotic rehabilitation devices interacted with the user through an end effector, and were often based on more traditional
industrial robot designs.

MIME makes use of an industrial robot manipulator, the PUMA 560, which has at
the end a hand-forearm orthosis to fit the patient, similar to the MIT-MANUS.
Simultaneously, the Assisted Rehabilitation and Measurement (ARM) Guide was
developed and tested by Reinkensmeyer, Kahn, and Rymer [39] as yet another upperlimb device targeting stroke, as well as traumatic brain injury. The ARM guide,
Figure 1.1c, has a single motor to control movement of a hand-forearm orthosis along
a straight linear bearing, whose orientation can be manually adjusted.
Many clinical trials were eventually carried out to investigate the effectiveness
of these robots in aiding upper-limb recovery from stroke and traumatic brain injury [40, 41, 42, 43, 44, 45], with the preponderance of evidence indicating that robotic
rehabilitation was at least as effective as traditional forms of therapy [46]. How to
make robotic rehabilitation more effective is still an ongoing conversation between
designers, clinicians, and patients. Utilizing ideas from motor learning, Reinkensmeyer et al. [13] theorized that careful application of force to the limbs – meaning on
an as-needed basis – during repetitive training could enhance motor learning. This
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and other motor-learning-based frameworks provide a rational basis for the design of
rehabilitation robot control strategies.

(a) ARMin III [47]

(b) CAREX [48]

(c) Armstrong [49]

Figure 1.2 : Robotic exoskeletons for upper-limb rehabilitation align with targeted
human joints, and support their articulation through multiple points of physical contact.

Following the promising success of these initial devices that were mostly adapted
from traditional industrial robotic arms, a new generation of rehabilitation robotic
devices began to emerge, with a variety of more exotic design solutions, including
the robotic exoskeleton. Robot exoskeletons differ from the end-effector style robots
described thus far in that they have multiple points of contact with the human body,
and can specifically actuate the individual anatomical joints of the user.
The field of upper-limb exoskeleton design is still in a phase of exploration, with
many radically different approaches currently being developed. A thorough review
of the historical evolution of upper-limb exoskeleton design can be found in [50].
One of the most well-established examples is the ARMin system [47, 51], Figure 1.2a.
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Lighter weight designs such as the cable-drive CAREX [52], Figure 1.2b, have certain
advantages, particularly in their mechanical transparency to the user. This increased
transparency comes with the trading off of torque motion control capabilities, however, that may or may not be necessary for rehabilitation applications. Soft wearable
devices are also being explored for the upper-limb [49], Figure 1.2c, where the same
tradeoffs are at play. This design space has been well characterized as the rigid-soft
spectrum in the thesis by Rose [53], focusing instead on devices for the hand.
In this thesis we will make extensive use of a robotic exoskeleton for the elbow
and wrist. A small number of other robotic exoskeletons exist for training the wrist
specifically, some early examples being a wrist module for the MIT-MANUS [36, 54]
and the bilateral device designed by Hesse et al. [55]. The original MAHI exoskeleton
design was presented by Gupta et al. [56], and includes a unique revolute-prismaticserial (RPS) mechanism for supporting articulation of the human wrist. The primary
motivation behind this design was to create a high-quality haptic interface for the
training and rehabilitation of the wrist in virtual environments. After some refinement
of the design parameters [57], and the addition of the elbow joint [58], the resulting
device was named MAHI Exo-II. The static and dynamic performance characteristics
of this device was presented by French et al. [5].
The MAHI Exo-II is the central hardware component of the experimental platform
underlying the work described in this thesis.

1.1.1

Robotic Rehabilitation for Spinal Cord Injury

In the U.S., there are currently about 17,730 new SCI cases each year, and approximately 250,000–360,000 persons currently living with spinal cord injury (SCI) [59].
SCI mostly affects males (about 78 % at an average age of around 43 years, with
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vehicle crashes, falls, and violence being the most likely causes of injury. The average
expenses that are directly attributable to SCI for are estimated to be around $816,019
per person with Low Tetraplegia (C5–C8, AIS ABC) in the first year after injury
and $120,303 in subsequent years. For individuals with High Tetraplegia (C1–C4,
AIS ABC), those amounts increase to $1,129,302 in the first year after injury and
$196,107 in subsequent years [59].
In simplest terms, the individual experiences some mechanical trauma to the spine,
specifically damaging the critical bundle of nerves known as the spinal cord that
connects the central and peripheral nervous systems. This sets of a chain of secondary
events within the body causing further damage. Due to the tree-like topology of the
spinal cord, an injury may or may not affect the spinal nerves and their associated
functions below the location of injury.
The details of a spinal injury are commonly reported by two aspects, the location
of the injury along the spinal cord, and its level of completeness. The extent of injury
is quantifiable by the American Spinal Injury Association’s (ASIA) impairment scale
(AIS), with grade A corresponding to a complete injury with loss of sensory and motor
function below the level of injury, and grades B-D describing degrees of incomplete
injury from most to least severe. More details are listed in Table 1.1. The location
of injury, identified by segments of the spinal column, can be cervical (C), thoracic
(T), lumbar (L), and sacral (S), with numbers identifying the specific vertebra, e.g.
C1 through C8 are possible cervical-level injuries.
Cervical SCI affects sensorimotor function in the upper limbs, and is therefore of
most interest in this thesis. Figure 1.3b shows the experimentally determined map
of how location of injury is expected to affect sensation. The illustration shows that
the spinal nerves associated with the cervical (C) level vertebrae carry sensation from
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(a)

(b)

Figure 1.3 : (a) Spinal cord function [1]. (b) Important for assessing the level of spinal
cord injuries, this dermatomal distribution [2] shows the ares of skin innervated by
the spinal nerves that leave the spinal column at the indicated vertebrae. Coloring
in (a) does not correspond with coloring in (b).

mostly the head, neck, shoulders, arms, and hands. While there is little specific
correspondence between the areas of sensation and the control of the underlying
muscles [60], there are some broad similarities. For example, someone with an injury
to the low cervical nerves (C5-C8) will experience weakness and even loss of motor

9
Table 1.1 : ASIA Impairment Scale (AIS) [3]
Grade

Description

A

Complete; no sensory or motor function preserved
in the sacral segments S4–S5

B

Incomplete; sensory but not motor function preserved
below the neurological level and extending through
the sacral segment S4–S5

C

Incomplete; motor function preserved below the
neurological level; most key muscles have a grade <3

D

Incomplete; motor function preserved below the
neurological level; most key muscles have a grad >3

E

Normal motor and sensory function

function to varying degrees in the arms and hands, while injury to the high cervical
nerves (C1-C4) will likely experience tetraplegia (paralysis of arms, hands, trunk, and
legs). More specific details on the effects of location of cervical injury on upper-limb
motor impairment are given in Table 1.2, taken from [4]. However, it cannot be
understated that the clinical evaluation and diagnosis of SCI is vastly more complex
than it is represented here.
In the past decade, robotic devices have been introduced for SCI rehabilitation.
Upper-limb rehabilitation for SCI focuses on strengthening existing motor pathways
for the arm and hand. However, upper-limb robotic devices have not been thoroughly
studied as tools for rehabilitation with SCI populations [7], and there is a recognized
clinical need for further development of assessments of upper-limb function in SCI [9]
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Table 1.2 : Levels of Spinal Cord Injury [4]
Location

Upper-Limb Motor Impairment

High-Cervical (C1–C4)

paralysis in arms and hands

Low-Cervical (C5–C8)

affects arms and hands

C5

some or total paralysis of wrist and hands,
can raise arms and bend elbows

C6

likely paralysis in hands, affects wrist extension

C7

difficulty with elbow extension and some
finger extension

C8

primarily affects finger flexion

– a task that rehabilitation robots may be especially well-equipped to handle. The
review by Mekki et al. covered the 6 commercially available devices for upper-limb
robotic rehabilitation as of 2018, and the small number of studies involved in their
use with SCI.
The commercially available Armeo Spring (Hocoma AG, Volketswil, Switzerland)
passive exoskeleton for the arm has been studied as an assessment tool for cervical
SCI, comparing robotic measurements to clinical scores such as the GRASSP, ARAT,
and SCIM 3 [61, 62]. Results in both these studies showed promising correlations
between robot measures and clinical assessments, while suggesting further study is
needed.
The InMotion WRIST (Bionik Laboratories Corp., Toronto, Canada) was used
in a study by Cortes et al. [63] involving 10 chronic tetraplegic SCI participants
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to demonstrate a positive effect on motor performance and no adverse effects after
training with the exoskeleton for a 6-week period.
The Hand of Hope (HoH) (Rehab-Robotics Company Ltd., Hong Kong, China), a
powered hand exoskeleton designed for neurorehabilitation, has been studied by Lu,
Zhou, et al. [25, 64] with one or two SCI participants. It was demonstrated that the
individuals with SCI could successfully control the device with myoelectric pattern
recognition, and that there was a positive effect on clinical assessments after 10 weeks
of training.
Our group has also previously conducted research in robotic rehabilitation for
SCI. Kadivar et al. [65] presented a case study with a single SCI participant showing
evidence for some functional improvements after training with the RiceWrist robotic
exoskeleton for the wrist. (The subject was 6 months post injury, so spontaneous
recovery could also not be ruled out.) Following that, the MAHI Exo-II [58] was used
in a series of studies on robotic training for SCI.
Yozbatiran et al. [66] showed a positive effect on clinical assessments such as
ARAT for a single subject with incomplete SCI at the C2 level, AIS C. Later, in
a study with 8 cervical level incomplete SCI participants they tested the combined
effect of transcranial direct current stimulation (tDCS) of the primary motor cortex
with robot-assisted arm training against sham tDCS with robot-assisted arm training, showing an increase in arm and hand performance for the group that received
real tDCS [67]. In a study involving 4 incomplete cervical SCI subjects and a similar
protocol – tDCS vs sham tDCS both paired with robot-assisted arm training – Yozbatiran et al. also showed improvements in arm and hand function following training
as well as evidence of positive white matter changes in the corticospinal tract [68].
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All of the robot-assisted arm training provided to participants in these studies made
use of the MAHI Exo-II, the modeling of which is described in detail in Appendix A.
A parallel-group controlled trial was also designed by Sergi et al. [69, 70] using
the MAHI Exo-II to specifically study the effect of the “assist-as-needed” (AAN)
robot controller on arm function of incomplete SCI subjects. This low-level robot
control strategy aims to adjust the level of robotic assistance continuously in order to
constantly challenge the user, without losing engagement. No statistically significant
change was found in the primary outcome measure, while some secondary outcome
measures related to movement quality were seen to increase more for the AAN group
than for the control group.
Finally, Pehlivan et al. [71] presented a case study with a single incomplete cervical
SCI subject using a mechanically redesigned RiceWrist, the RiceWrist-S [72]. In this
study, they made use of a minimal assist-as-needed (mAAN) robot controller that was
designed to further promote patient engagement in training. Subject engagement was
measured using EMG to track the percentage of time the flexor carpi radialis (wrist
flexor) muscle was activated. Results showed a higher engagement time percentage
with the mAAN controller over non-adaptive control strategies.

1.1.2

Summary and State of the Art

Upper-limb robotic rehabilitation devices have evolved over the past several decades
from end effector designs that regulate impedance to rigid exoskeletons that articulate
individual human joints, and exoskeletons continue to evolve in both their make
up (rigid/soft) and actuation. Early studies demonstrated the potential of roboticassisted training to have positive outcomes on arm and hand function as measured by
clinical assessments. However, the question of the optimal strategy for intervention is

13
still unanswered, though robotic devices provide an excellent experimental platform
for future investigation [13].
Most research of upper-limb robotic rehabilitation for SCI involves only a few
subjects or just a single subject. Compared to robotic rehabilitation for stroke, the
number of controlled clinical trials is small. However, the evidence from these studies
suggests that robotic rehabilitation has great potential to be of use to the SCI population, and further research is warranted. Specifically, our group has used the MAHI
Exo-II and other, similar devices to study the effects of robot-assisted training on
individuals with incomplete cervical SCI, and found evidence of potential benefits.
Knowing that rehabilitation robots have the potential to improve treatment, the
main challenge to the field presently is to make robot-aided training maximally effective. Some factors that are believed to be crucial in making rehabilitation effective
are intensity [73] (training session duration, frequency, and total number), patient
motivation, and patient engagement. Patient motivation is believed by rehabilitation professionals to play an important role in the therapeutic outcome [74], and can
be influenced by social factors such as inter-patient game play [75]. However, this
concept is difficult to define, and less easily quantified than the notion of patient
engagement [76], which has seen increased attention in the past decade. Adaptive
control methods designed to progressively challenge the patient based on their performance were introduced by Krebs et al. [11], and have become a standard for encouraging patient engagement [71], based on the insight that blind assistance is mostly
ineffective [13]. While these methods are more commonly achieved by measuring
user-initiated changes in joint velocity or joint torque, an alternative approach is to
use electromyography as a trigger for robot assistance, as it was demonstrated in that
same work [11].
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1.2

Electromyography

Surface electromyography (EMG) is the measurement of a muscle’s electrical activity with electrodes placed on the skin’s surface. The resulting time-varying voltages
can be used to extract both kinematic and force information from the neuromusculoskeletal system. Our understanding of the physiological source of the myoelectric
signal (MES) is important in correctly interpreting the measurement, especially under
complicated experimental conditions such as interaction with a robotic exoskeleton.
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Figure 1.4 : A simplified illustration of the human motor system and neural recruitment of muscle activity
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Figure 1.5 : The origin of the myoelectric signal, a superposition of motor unit action
potentials (MUAP) and environmental noise

As is illustrated in Figure 1.4, the human motor system consists of structures in
the central nervous system (CNS) and peripheral nervous system (PNS) that generate
and control movement. Motor planning and coordination, which takes place in the
CNS, generates desired joint trajectories or muscle activations required to achieve a
certain task. Pyramidal cells in the cerebral cortex called upper motor neurons carry
these commands, descending into the corticospinal tract, where they synapse with
interneurons or lower motor neurons in the spinal cord. They are the main source of
voluntary, directed movement [60].
Carrying the efferent upper motor neuron commands, somatic motor neurons leave
the ventral roots of the spinal cord to innervate the skeletal muscles of the limbs. Each
motor neuron innervates many muscle fibers (up to thousands) at specialized synapses
called neuromuscular junctions, and together these structures make up a single motor
unit. All the muscle fibers in a motor unit are of the same type – either type I (slow
twitch), or type II (fast twitch) – and they all contract together when the motor
neuron activates.
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The signal carrying commands from the CNS to a motor unit is called an action
potential, and it travels as a wave down the axons of neurons to the neuromuscular
junction, where it continues along the muscle fiber, causing contraction. The shape
of the action potential represents the rapid change over time in electrical potential
across the outer membrane of a neuron at a specific point in space, and this shape
does not carry information about the desired level of muscle recruitment. Instead,
the motor system controls muscle force by varying the number of motor units that it
recruits in a particular muscle and by changing the firing rate of the action potentials.
The change in electric field potential caused by many action potentials traveling
along the muscle fibers of a single motor unit will propagate out into the surrounding
layers of tissue and human skin, which have a low-pass filtering effect, and generate
an aggregate signal called the motor unit action potential (MUAP). A single MUAP
creates a zone of heightened electric potential approximately 1 mm2 –3 mm2 in size,
traveling along the muscle at 2 m/s–6 m/s [77]. A single bipolar EMG sensor consists
of two metal contact bars placed on the skin surface that are about 1 cm wide with
about 1 cm spacing between them along the direction of muscle contraction. The
electrical potential of the two contacts is measured relative to a reference electrode
placed on the body away from the source of muscle activity, and a differential amplifier
takes the difference in the two potentials, while rejecting any common mode that may
be present in the signals such as 60 Hz line interference. Here at the skin’s surface,
an EMG sensor measures the superposition of all the MUAPs from the underlying
muscle, which can be firing at different frequencies, Figure 1.5.
In this thesis, we record EMG data using commercially available device, the Delsys Bagnoli-8 EMG system. Like other EMG systems on the market, it consists of
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multiple bipolar electrodes connected to a central amplification unit, which outputs
re-scaled single-ended analog voltage signals for each sensor.

1.2.1

Myoelectric Control of Assistive Robots

The use of EMG in rehabilitation is well established. EMG-triggered neuromuscular
stimulation has been shown to be an effective treatment for stroke recovery [18]. Based
on sensorimotor integration theory [12], when a patient generates muscle activity
above a certain threshold, as detected by EMG, then an assistive electrical stimulus is
applied to the muscles. Critically, movement-related afferent signals are synchronized
with volitional muscle contraction from intended movement [14]. In this thesis, we
present a robotic rehabilitation system with the same principle of operation, but with
robotic assistance replacing the electrical stimulus. Such a system is likely to be
found engaging for the user, and to enhance motor learning [15], by synchronizing
consciously generated EMG with proprioceptive feedback.
One of the earliest instances of using EMG to control an assistive robot during
rehabilitation is the work by Dipietro et al. [20], in which they use single-threshold
detectors applied separately to the four EMG channels, and if any threshold is crossed
an impedance control mode of the MIT-MANUS is triggered to assist the user through
a trajectory. Since then, some groups have developed myoelectric controllers that
respond continuously during a users movement [22, 78, 79]. However, the majority of
progress in this area has been achieved for the purpose of controlling prostheses [19],
where researchers have been able to achieve simultaneous control of multiple degrees
of freedom of the upper limb [80] using targeted muscle reinnveration.
Developing a myoelectric human-machine interface to be used by individuals with
neuromuscular impairment requires anticipation of a set of MES that is very different
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from the MES observed in able-bodied individuals. There are many examples of
myoelectric interfaces for the neurologically impaired in the literature. Nizamis et al.
developed an EMG controller for a robotic arm and tested its performance in subjects
with Duchenne Muscular Dystrophy [81]. Similar tests have been performed with
tetraplegic individuals with Spinal Muscular Atrophy [82]. Song et al. tested a singleDoF controller for a user’s elbow in eight post-stroke subjects [78]. Common to these
studies using EMG with impaired populations is the fact that once suitable placement
of surface electrodes has been determined, the standard techniques for processing and
decoding the MES that are used on able-bodied individuals are reused on the impaired
population. This strategy is appropriate given that all of these approaches involve
tuning in some way to the individual user. Put differently, if the design of an EMG
interface is capable of being tuned specifically to each user, then it is likely a good
design for testing with motor-impaired individuals.
There are two major strategies found in the current literature for EMG control
of robotic devices: pattern recognition and direct mapping. Direct mapping relies on
the designer’s knowledge, and usually involves identifying specific muscles that are
active for movements, collecting EMG from those muscles of interest, and defining
a control output based on the EMG amplitude. Through careful electrode mapping
and human-in-the-loop learning, these simple schemes lend themselves well to realtime continuous control [29]. Alternatively, pattern recognition (PR) considers all the
inputs with no prior-inference of how the muscles or data correspond to motions.
Pattern recognition schemes are able to learn the individualized muscle activation
patterns of a user based on training data, making them a good choice for a more
adaptable control scheme that does not require any hand tuning. With the introduction of an impairment, such as SCI, it becomes more difficult to design direct
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mapping schemes, as the users have less control over their muscles. Rather than
designing a controller that requires users to adapt their EMG activations, pattern
recognition builds a controller that adapts to the user and allows them to train and
reinforce existing neural pathways. This can be either an advantage or a disadvantage, depending on the goals of the application. We have ultimately chosen to focus
on pattern recognition for the work described in this thesis.
Many investigators have compared the performance of different types of classification algorithms for myoelectric pattern recognition. Attenberger et al. compared
the performance of a simple decision tree and support vector machine (SVM) in
classifying five motions of the hand and wrist [83]. Overall, the SVM algorithm
demonstrated higher accuracy in detecting the correct motion and was more consistent across feature sets. Huang et al. developed a Gaussian Mixture Model (GMM)
and compared its performance to an linear discriminant analysis (LDA) classifier,
multi-layer perceptron (MLP), and linear perceptron (LP) classifier [84]. Testing was
done for six forearm and hand motions in 12 neurologically intact subjects. Their
GMM performed with higher accuracy than the other algorithms, and the LDA algorithm outperformed the LP and MLP. Ortiz-Catalan et al. compared classification
algorithms and topologies for classification of single (-DoF) and simultaneous (multiDoF) movements of an artificial limb [85]. Their results emphasize that the topology
of the classifier should be examined in the interest of improved accuracy and scalability of multi-DoF control. Lastly, Lorrain et al. performed a nine class experiment to
evaluate the effect of the training set characteristic on classifier performance. They
evaluated the effects on LDA and SVM (one versus rest and one versus all) classifiers.
The relatively high success rate of LDA implementation makes it an appealing option
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for classification using EMG. Other benefits of LDA include relative simplicity due
to its linear nature, and a low amount of training data required to fit the classifier.
The number of electrodes used to collect data can also greatly affect the performance of the classifier. One of the current trends in EMG control is the use of
high-density (HD) EMG electrode grids, which provide information about muscle
activations with finer spatial resolution. This technique is commonly used in the
forearm, where many smaller muscles lie close to each other and are active in a variety of motions, involving both the wrist and hand. Additionally, using HD arrays
removes the burden of locating and palpating muscles, which can be difficult for many
patient populations due to the atrophy of their muscles from inactivity [86]. In their
related work, Liu et al. [87] showed that sufficient information could be extracted from
HD EMG to predict different desired hand grasp patterns of an SCI user, indicating
that myoelectric pattern recognition techniques have clinical potential for use with
robot-assisted training for individuals with SCI.
One of the complicating factors of the HD EMG approach is the abundance of
data, not all of which is immediately useful for classification. For this reason it
is necessary to develop algorithms to reduce the dimensionality of the HD EMG
signal [88]. The dimension reduction technique has been applied with success to
upper-limb amputees treated with targeted muscle innervation [80] [89], which is the
surgical relocation of an amputees efferent nerves to innervate a new muscle group,
such as the pectoral muscles. Liu et al. [23] even found a large amount of redundancy
in the HD EMG signal, as well as redundancy within the features of a single electrode
channel, indicating that a small fraction of the available EMG features can be selected
to classify the data with minimal losses in accuracy. Therefore, while high-density
EMG systems are an important new advancement for myoelectric intent detection,
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we do not believe that the work presented in this thesis is negatively impacted by our
use of a traditional EMG system with manual targeted placement of the electrodes.

1.2.2

Myoelectric Assessment using Muscle Synergies

The idea of groups of muscles being activated together in fixed patterns to simplify
motor control, known as muscle synergies, has been discussed since the 1960s [26].
Recently, robotic devices for neurorehabilitation of the upper limb have been employed in studying the alteration of muscle synergies due to stroke [31]. Evidence
for alterations in upper-limb muscle synergies after stroke was found for dynamic
movements [32] and isometric force generation at the hand [30, 90].
In addition to these efforts to characterize muscle synergies in the stroke population, there have also been studies to characterize typical upper-limb muscle synergy
patterns in the able-bodied population. One important example is the early work
by Santello et al. [91], focusing on the control and design of prosthetic hands. This
was following by the more general investigation of human control strategies for hand
function [92]. Another popular application is robot arm teleoperation [93]. Work by
d’Avella et al. focused on arm reaching movements [94, 95, 96], while work by Roh
et al. focused on isometric force generation at the hand [97]. More recent examples
can be found that focus on characterizing synergies for the design of new assistive
devices, such as upper-limb exoskeletons [98].
There are comparatively few studies, however, on the muscle synergies involved
in wrist articulation; one example being work by Semprini et al. [33]. They analyzed
the EMG activity of 7 muscles controlling the 3 degrees of freedom of the wrist joint,
with 12 able-bodied participants, and produced a set of characteristic spatial and
temporal modules underlying the individual muscle activations. In this thesis, we
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will present a case study with a single subject, reporting the fixed spatial synergies
that were found using all 4 degrees of freedom of the MAHI Exo-II.

1.2.3

Summary and State of the Art

As researchers continue to search for a deeper understanding of the methods of recovery in neurorehabilitation, electromyography is an invaluable tool for illuminating
the spatial and temporal patterns of specific muscle activations that contribute to
generating motion and performing functional tasks [99].
Surface EMG can be used to predict muscle force and intended tasks, even when
the user is not capable of performing the task [15]. This has been utilized for rehabilitation in the form of EMG-triggered neuromuscular stimulation, and that same
assistive paradigm has been implemented for upper-limb rehabilitation robots [20].
Following trends from the control of neuroprostheses, methods of myoelectric pattern recognition are now being tested to control robots for rehabilitation with both
traditional EMG recording systems [25] and high-density arrays [86].
Muscle synergies provide a new method for characterizing EMG activity that is
potentially more robust than other EMG features [29]. The identification of muscle
synergies is also hypothesized to provide useful information related to impairment
and recovery [31]. Synergy-based control and assessment have been shown to be
a promising new direction for upper-limb rehabilitation, and robotic devices have
proven to be an invaluable tool in the study of muscle synergies.

1.3

Contributions

This thesis details contributions of both research tools and knowledge. As a research
tool, we created the EMG-integrated MAHI Exo-II as an experimental platform to
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study rehabilitation robotics. This system required extensive software development to
solve the kinematics of the parallel wrist mechanism, safely control the robot motion
and the physical human-robot interaction, process EMG signals in real time, and
implement real-time classification algorithms for EMG patterns, all making use of
the Mechatronics Engine and Library (MEL) that we developed in the MAHI Lab.
Details of the modeling of the MAHI Exo-II are given in Appendix A.
All of these capabilities of the platform were put to use in an experimental protocol
we designed to simulate rehabilitation of individuals with spinal cord injury who
cannot initiate movement of the robot on their own, but can generate EMG activity
to trigger robotic assistance.
We also codified and implemented methods of muscle synergy analysis tailored
to the data collected by the EMG-integrated MAHI Exo-II platform. In addition to
designing an experimental protocol for identifying muscle synergies controlling the human wrist inside the exoskeleton, we also designed automated, easily programmable
methods of analyzing robot kinematic data, processing EMG data, verifying the possibility of a lower-dimensional representation of EMG data, and factoring EMG data
into muscle synergies that can be studied for a variety of purposes.
As a contribution to the research community, we have provided a unifying framework for considering shared control between humans and physically coupled robots,
featuring the three ideas of intent detection, arbitration, and feedback [100,101]. This
work also came with a review of the literature on methods of intention detection in
physical human-robot interaction. An abbreviated version of this review is presented
in Chapter 2.
The field of rehabilitation robotics has traditionally focused most on the stroke
population, while the smaller SCI population has received less attention. We have
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demonstrated the feasibility of using EMG to control an exoskeleton for the incomplete cervical-level SCI population. In doing so, we first characterized the potential
for EMG control with able-bodied and SCI subjects [102], and then evaluated the performance of our real-time EMG control system with the target patient population.
These findings are presented in Chapter 3 of this thesis, and will be disseminated in
a manuscript that is currently under review.
Lastly, we have identified muscle synergies for controlling the elbow and wrist inside an exoskeleton with a single subject, and evaluated the impact of robot-imposed
task constraints on the neural constraints represented by the muscle synergies. We
observed a small effect of task degrees-of-freedom on the number and shape of muscle
synergies, which is an important piece of evidence in the ongoing conversation surrounding the nature of muscle synergies in human motor control. These results are
presented in Chapter 4, and a manuscript is currently in preparation for disseminating
these findings to the research community.
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Chapter 2
A Review of Intent Detection in Physical
Human-Robot Interaction
∗

Human robot interaction (HRI) can be defined as “a field of study dedicated
to understanding, designing, and evaluating robotic systems for use by or with humans” [103]. As a broad, multifaceted discipline, HRI has reached to the medical and
healthcare sector, where we see robots used for minimally invasive surgery [104], and
even being worn to improve mobility and independence [105, 106].
As these applications imply, some forms of human robot interaction involve direct
physical contact [106,107,108], often referred to as physical Human Robot Interaction
(pHRI). While much of the literature related to pHRI has traditionally had a strong
focus on ensuring safety during the interaction between human and robot [109], we
present this review from the viewpoint of the overall shared control architecture that
is designed to achieve a desired, physically coupled, and cooperative pHRI task.
In this chapter, we will first provide our perspective on shared control in pHRI,
and define a foundation for our review based on the themes of intent detection,
arbitration and feedback. The remainder of this chapter will focus on intent detection
specifically. For a full treatment of the other themes in shared control for pHRI, as well
∗

Portions of this chapter originally appeared in two publications in February of 2018 by Losey,

McDonald, Battaglia, and O’Malley [100, 101].
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as discussion of their interaction and specific examples from the state of the art, please
see the related publication by Losey, McDonald, Battaglia, and O’Malley [100, 100].

2.1

A Shared Control Framework for pHRI

In this survey, we explore human-robot shared control over a collaborative task for
applications where the human is physically coupled to, and cooperating with, the
robotic device. We present a general framework to describe the interaction process,
with the aim of organizing design procedures from different sub-fields of pHRI.
We propose a framework for considering shared control between humans and physically coupled robots that features three key ideas. First, in each of our selected
applications, the robot requires some knowledge of the human’s goals and intents so
that the robot behavior can be controlled accordingly. We term this intent detection,
and in the following section we will be defining intent, and then exploring methods for
measuring and interpreting intent in pHRI systems. Second, the interaction between
human and robot and the way each affects the environment are regulated by arbitration, which we define as the mechanism that assigns control of the task to either the
human or the robot. Finally, we posit that it is essential that the human be provided
with information about the task and environment characteristics, and, where appropriate, suggested trajectories or task completion strategies that are developed by the
robotic partner. Therefore, feedback from the robot to human is returned via some
sensory channel, often haptic, so as to leverage the physical coupling that already
exists between human and robot. We have illustrated this framework in Figure 2.1.
In this schematic model, arbitration is represented as a knob: when control is assigned primarily to the robot (darker shaded arrow), its energy exchange with the
environment will be greater; conversely, if control is assigned primarily to the human,
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the energy exchanged between human and environment will be greater. The bilateral
exchange between robot and human represents the robot detection of human intent,
and the provision of feedback to the human.

Figure 2.1 : Conceptual representation of the proposed framework: human and robot
exchange information and interact with the environment according to what is decided
by the arbitration (represented by the knob)

These three elements (intent detection, arbitration and feedback) can be used to
model many applications of physical human robot interaction. The framework can
be applied to the pHRI task of myoelectric control of a robotic upper limb prosthesis.
Here, intent detection is achieved by monitoring surface electromyography (EMG)
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signals; arbitration can be realized by directly mapping EMG activity to the actuators
of the prosthesis to control grip pose, while maintaining automated low-level control of
grip force to prevent an object from slipping from the prosthetic gripper’s grasp [110]);
and feedback can be provided to the human using haptic devices on the residual
limb or embedded in the socket interface. In the following section, we expand on
the framework element of intent detection, providing examples and implementation
guidelines from the literature, and comparing approaches from different fields of pHRI.
In particular, while the framework presented is general, we will focus on the context
of rehabilitation in the rest of the chapter.

2.2

Intent Detection

We will define the problem of intent detection as the need for the robot to have
knowledge of some aspect of the human’s planned action in order for the robot to
appropriately assist toward achieving that action. Therefore, the robot’s ability to
detect user intent relies directly on some channel of communication existing between
the human and the robot. The structure of this section is to look at the three aspects
of the unidirectional channel of communication of intent from user to robot. First,
the user’s intention must be defined, and when referring to the many different forms
in which intent can be defined we will use the phrase intent information, or sometimes
simply intent. Second, the modality by which intent information is measured by the
robot must be decided, which we will refer to as the method of intent measurement.
Finally, once the information reaches the robot, there is the more open-ended question
of how this measurement is to be understood by the robot as a representation of the
intent information, and how it is to be incorporated into the robot control structure.
We will refer to this aspect of the problem as intent interpretation. Consideration of
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approaches to intent interpretation begins to blur the line between intent detection
and arbitration - a larger division that we have drawn in the shared control problem
framework. Our discussion of intent detection will make some mention of robot control
strategies, but will seldom descend into detail since it is the purview of arbitration.

BMI
Force/Torque

Measurement

EMG

Intent Identification

Interpretation

Figure 2.2 : The three steps for conveying of the human’s intent to the robot: identification, measurement, and interpretation.

The system designer has significant freedom in how to approach all aspects of the
intent detection problem; therefore, in our review of the intent detection literature
we aim to 1) expose the reader to some extent of the range of approaches that have
been employed in the literature, and 2) draw connections across seemingly disparate
areas of research where similar strategies of intent detection have been employed.
This review is not exhaustive, even within our narrowly defined list of applications.
We do believe, however, that we have at least covered examples of the more common
strategies for defining intent, measuring intent, and interpreting intent.
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2.2.1

Defining Intent

We propose a unified definition of user intent. Human motor control is complex,
involving activity in the central nervous system (CNS), the peripheral nervous system
(PNS), the musculoskeletal system, and finally the environmental interactions that
are being controlled. At each of these subsystems there are measurable physical
quantities, called state variables, which are manifestations of the human’s intention.
Additionally, we know that the state variables local to one subsystem are tightly linked
to those of another subsystem. For instance, sensory afferent neurons in the PNS send
information to the CNS, which guides motion planning in the motor cortex, while the
motor cortex also sends neural commands back down to the PNS. Therefore, the
user intent is most generally described by many different subsystem states containing
different forms of intent information, which exist simultaneously and give rise to one
another. Though only some information will be relevant for a specific application,
the common characteristics of intent are that it can be represented by states that
describe the human system and that this information has been deemed relevant to
the task by the system designer.
For many applications, intent can be defined in a binary way. For the arbitration
of effort between human and robot, it seems natural to ask, is the user actively trying
to control the interaction or not? This type of intent - active versus passive - is
defined in [111] for a hand shaking robotic application. In a more clinical setting,
the movement of a robotic exoskeleton or prosthetic limb is often automated. This
allows for the human intent to simply be defined as a trigger to initiate motion, often
ascertained from a brain-machine interface (BMI), as seen in [112].
In other applications, there are more than two possible discrete states for intent.
For instance, in order to manage the complexity of an upper limb robotic prosthesis,
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a user is often given predefined poses, grasps, or functions that the prosthesis can
complete autonomously. In [113, 114, 115, 116], upper limb prosthetic devices are
controlled by the user selecting one of these predefined functions; therefore, the user
intent is represented by a single categorical variable.
The control of lower limb exoskeletons and orthoses is another application where
intent can often be reduced to selecting from a set of predefined motions. In [117],
the wearer of the Lower Extremity Assistive Device (LEAD) is defined to have one
of eight possibly intended motion states related to sitting, standing or walking. The
definition of user intent is similar in several of the devices reviewed by Yan et al.
in [118].
Intent can also be defined in terms of continuous variables. For those working with
patients that are undergoing neurorehabilitation, one of the most important questions
is whether or not the user is actively engaged in completing the motor task at hand.
In [119], Sarac et al. extend a typical method for extracting a binary classification
of move/rest to now output a continuously varying signal. They interpret this signal
to be the “level of intention” of the user, which is then mapped to the speed of task
execution.
In many examples user intent is defined in terms of a velocity or position trajectory
- the predicted forward path of the user and/or robot. In [120], an intelligent walker
defines the intent of the user in the form of a predicted forward path over a short
time horizon, while in [121], a cane robot uses similar methods to ascertain the user’s
direction of intended motion and the “magnitude” of the intention in that direction.
Short-time-horizon forward paths can also be parameterized, as in [122, 123], so that
the parameter estimates serve as the user intent.
A slightly different form of user intent is a continuously time-varying desired
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position. It can be thought of as the reference trajectory for the control of a robotic
manipulator, and it is often used as the input to a robot impedance controller. Ge,
Li, and He [124, 125] define the motion intention in this way for a human and robot
performing collaborative motions with shared end-effector position, as do Erden and
Tomiyama [126].
The human’s intent can be defined as a continuously time-varying force or torque.
In the 2015 review by Yan et al., we see this as a common definition of intent for lowerlimb exoskeletons. Pehlivan et al. [127] define the user’s intent as the interaction force
between the person and the wrist exoskeleton at the handle, and Lenzi et al. [128] look
at the effective torque about the user’s elbow within an elbow exoskeleton. In [127]
the interaction force is estimated from position sensing and modeling of the robot
dynamics, while in [128] the interaction torque is estimated from measurements of
the user’s muscle activation. Still, both applications could be said to have defined
the same type of intent information.
Finally, we consider the example of a human wearing a 7-DoF upper-limb exoskeleton in work done by Kiguchi and Hayashi [22]. This is one example of how defining
the human intent for a shared control problem requires us to consider multiple forms
of intent information simultaneously. In [22], the exoskeleton is to provide powered
assistance to the user as they perform unstructured tasks. The resulting controller
structure defines signals such as the user’s muscle activation signal, the estimated
joint torque generated by the user, the force vector at the hand that results from
the estimated joint torques, and the acceleration of the hand that should result from
the hand force vector. All of these signals could possibly be under the control of the
user, and therefore be a part of their intention. In theory, the designer should be
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able to measure any one of these signals and, with appropriate modeling techniques,
reconstruct the others for the use of the robot controller.

2.2.2

Measuring Intent

In this section the details of the selected applications will become clearer as we describe the specific methods by which researchers measure the different forms of intent
information that were described in the previous section. The different methods of
measurement - or, measurement modalities - that we discuss should be thought of as
not entirely dependent on the intent information that is being measured. In other
words, there is not a one-to-one mapping between an intent definition and a corresponding measurement modality.
There are a variety of neural methods for measuring intent information that have
recently become available to us thanks to advancements in neuroengineering. The
first we will discuss is the technique of electroencephalography (EEG), which is an
example of what is commonly referred to as a brain machine interface (BMI). In brief,
an array of electrodes measure electrical activity of the cortex at varying degrees of
proximity to the surface, depending on the method. In order to measure user intent,
researches have used surface EEG, where the electrodes are placed non-invasively
along the scalp [119]. They have also made use of intracranial EEG (iEEG), also
called electrocorticography (ECoG), where the electrodes have been placed on the
surface of the brain as the result of a surgical procedure [112]. In both cases, the
electrodes measure voltage relative to some reference, and the signal is referred to as
the local field potential (LFP). We know that encoded within the LFP is information
about the activity of the region of the brain local to the electrode. From there,
depending on the intent information that we wish to extract, decoding the LFP can
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be carried out in a number of ways. This is reserved for the following section on
intent interpretation.
Myography is the measurement of the activations of human muscles and their
resulting contractile forces, and it can be accomplished in a number of ways. The most
common method seen in the literature is electromyography (EMG), which measures
changing electrical potentials that result from the activation of motor units near
electrodes. Surface EMG (sEMG) is more commonly used because it is completely
noninvasive, though it is limited to measuring superficial muscles near the surface
of the skin. We see examples of surface EMG being used to measure user intent
in [78, 113, 129, 130]. If greater specificity or deeper muscle recordings are needed,
there is intramuscular EMG, which uses a fine needle electrode inserted into the
muscle.
Recently, force myography (FMG), also known as topographic force mapping or
muscle pressure mapping, has received attention as a possibly less expensive and, in
some cases, more robust method of myography. FMG is also non-invasive; it infers
muscle forces by detecting changes is muscle volume underneath tactile sensors placed
on the surface of the limb. We see it used in [114,115,116] with success that certainly
warrants further investigation.
Another form of myography, known as sonomyography (SMG), is based on ultrasound imaging and has only recently been introduced. Akhlaghi et al. [131] use a
conventional clinical ultrasound system to generate images of a cross section of the
forearm muscles, which are then used to train a database of ultrasound activity corresponding to different hand motions. A simple nearest neighbor classifier is then
tested on real-time data to identify hand motions with a classification accuracy that
lies within the range of reported results for similar sEMG systems. The main advan-
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tage of the SMG technique is that it can sense the activity of deep muscles, such as
those in the forearm that control the fingers.
Traditional load cells can measure force and torque with a high accuracy in up
to six degrees of freedom (DoF). In the case where a human and a robot interact
through a simple interface such as a handle, load cells provide the best measurement
of the exchange of effort at the interaction point. They also come with a high cost,
and increased fragility. Nonetheless, Wang et al. use a 6-DoF force/torque sensor at
the robot end effector to monitor the human-robot interaction during a hand shaking
task [111]. Huang et al. sensorize their intelligent walker with a load cell in each of
its two handles [120]. Wakita et al. also use a 6-DoF load cell in the interface of
their omnidirectional-type cane robot as the primary source of sensory information
[121]. By contrast, a popular force-sensing alternative is the use of compliant force
sensors in series with the actuator and the user, commonly known as series elastic
actuation. Pratt et al. demonstrate the integration of a series elastic actuator into
a knee exoskeleton in [132], the principle being that by adding a linear spring into
the actuator’s ball-screw transmission, measurements of the spring deflection can be
converted directly into actuator output force by Hooke’s law.
At this point we will note that the accessibility of a type of intent information,
when paired with the chosen measurement modality, will determine the robustness of
the signal measurement to environmental noise. For instance, the detailed activity of
the CNS is generally inaccessible without invasive surgery, due to the fact that this
intent information arises deep within the human body. Using EEG, one of the most
direct, non-invasive techniques at our disposal, to study the motor cortex is much more
sensitive to noise than simply measuring the resulting motion of the body. Likewise,
surface EMG measurement of muscle excitation is increasingly sensitive to noise the
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deeper the muscle is relative to the skin surface, while a direct measurement of the
forces produced by that same part of the body in contact with a force/torque sensing
load cell will be more reliable. However, in exchange for robustness, the external
measurements of kinematics and kinetics lack any information regarding how the
body planned to achieve that outcome. The external signals also occur after some
time delay in comparison to signals generated by the nervous system, which may
or may not be acceptable depending on how quickly the robot should react to the
human. Taking into account such trade-offs, system designers may choose to measure
one type of intent signal in order to estimate another thanks to the flexibility that
comes with intent interpretation.

2.2.3

Interpreting Intent

Now that we have covered what the intent information is that we are trying to measure, and what measurement tools we have at our disposal, the final component of
the intent detection problem is our interpretation of the measurement. This deserves
particular attention because for many applications the intent information that we
wish to know and the signal that we are able to measure are not necessarily the same
thing, but they are related. It is at this point that we will make greatest use of our
modeling of the system, both human and robotic, as well as simplifying assumptions
that need to be made.
A common neural-based approach to intent interpretation for BMIs uses the neural
intent to predict the user’s movement intention, with the output being simply a trigger
that initiates the movement of a robot or prosthesis. In [112], McMullen et al. use
the method of decoding, or classification, of the inputs called linear discriminant
analysis (LDA), and, along with support vector machines (SVMs), it is one of the
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most common techniques for making inferences about neural data. The authors
of [119] make a clever extension of the LDA algorithm to obtain more than just a
binary output of move/rest. The same two classes (move and rest) are used, but for
each new data point the posterior probabilities of each class are calculated providing a
continuous output between zero and one. The authors map this continuous output to
the task execution speed, which is a single parameter in the robot motion controller.
This slightly artificial mapping is used to encourage patient engagement in therapy,
and is an excellent example of the flexibility that exists in the interpretation step for
the designer of the shared control architecture.
There are two main approaches in interpreting myographic signals: pattern recognition and mapping to continuous effort. Despite its complexity, we see an early
example of using pattern recognition on the features of a single sEMG channel to
control an upper-limb prosthesis in [129]. The pattern recognition approach is to
map patterns of any number of signal features to desired prosthesis poses, grasps,
or functions. The way in which control algorithms learn this mapping varies, but
common approaches are LDA, SVMs, and artificial neural networks (ANNs). Simpler
versions can use only a few features, such as the use of three electrode signal variances
in [130], to learn to distinguish between a few discrete desired operating states. There
has been much progress in this method over the years, with more current work involving many channels of EMG [113], or FMG [116]. In both [113] and [116] the authors
also show improved robustness to potential disturbances such as limb position.
While pattern recognition approaches are appealing for their ability to learn arbitrary mappings between myographic signal features and intent information, they
are most commonly used to select from a relatively small number of discrete control
states. For applications such as neurorehabilitation, where sometimes the goal is only
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to trigger the appropriate robot motion at the appropriate time, this is acceptable.
However, other applications, including other modes of neurorehabilitation, would benefit from extracting continuously time-varying information such as the user’s desired
joint torques. A simple approach to this problem is to match the EMG signal amplitudes of agonist-antagonist muscle pairs to antagonistic cable actuation systems
for rotary exoskeleton joints, and then to hand tune a proportional gain from the
EMG signal, post processing, to the assistive torque provided by the robot [78]. The
assumption here is that subjects that have been weakened by neurological damage
will benefit from a robot providing torque that is in the same direction and roughly
proportional to the user’s desired torque. Lenzi et al. take an interesting approach,
which is to leverage the ability of the human CNS to adapt their EMG activation to
minimize the error between their intended motion and observed robot motion [128],
so that proportional control becomes a sufficient control strategy for the robot. While
this approach has the potential to greatly simplify the design of control systems for
powered exoskeletons, it has the significant drawback of disturbing a user’s natural
motor function at the neural level.
Other researchers have worked to develop control systems that explicitly learn
the mapping between EMG signals and user’s desired joint torque. An excellent
example by Kiguchi et al. is the use of an adaptive neuro-fuzzy modifier to learn the
relationship between the root-mean-square (RMS) of measured EMG signals and the
estimated user’s desired torques [22]. The approach is to use an error-backpropogation
learning algorithm to modify the mapping, which is expressed as a weighting matrix.
The neuro-fuzzy modifier takes as inputs the joint angle measurements provided by
the robot in order to account for the effect of varying limb position on EMG signals.
Examples of lower-limb exoskeletons from previous decades, which are covered
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more extensively in [118], make use of ground reaction force sensing and lower-limb
kinematics to estimate joint torques [132]. Once again, the estimated joint torque at
the knee has a hand-tunable scaling factor applied to produce the commanded actuator torque, under the assumption that the user’s desired torque is reflected accurately
in the torque they are able to generate. Such assumptions must be applied carefully
to situations where there is user impairment or other environmental factors that limit
the user’s ability to tightly control the measured force/torque at the interaction point.
When designing controllers for mechanical systems, the variable to be controlled
is often position and the variable representing the controller effort is force. It is
then no surprise that in applications of human-robot shared control systems, the
user intent is often defined as the force generated by the user. Consequently, many
examples of user intent detection revolve around estimating the user contribution to
the interaction force. Pehlivan et al. use an inverse dynamics model of the robot,
along with knowledge of the actuator commands and a predefined motion trajectory,
to estimate the user force applied to the robot from the robot encoder measurements
[127]. This user-intended force is then subtracted from the robot controller effort so
that it assists the user minimally in achieving the predefined trajectory.
Instead of measuring robot position to estimate interaction force, one can measure
interaction force between the human and the robot at the end effector and estimate
the desired human position. Ge, Li, and He [124] extract the user’s desired position by
assuming a model of the user’s control strategy – in this case a linear impedance (massspring-damper). The user’s intended position is then assumed to be the equilibrium
point of the spring. The authors use a radial basis function neural network (RBFNN),
which has the property of universal functional approximation, to learn an estimate
of the human dynamics. In [125], Li and Ge extend their previous work so that the
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synaptic weight vector of the neural network can be updated in real time to respond
to changing human impedance.
Just as researchers have used interaction force measurements to estimate a desired position of the human [124, 125], the measured interaction force can be used
to estimate other forms of motion intention. For example, in [120], the interaction
forces measured in the handles of an intelligent walker are fed into a model of the
non-holonomic walker dynamics to predict the walker’s forward path over a short time
horizon. Force/torque sensing in the handle of an assistive cane was used by Wakita
et al. to ascertain the hidden walking state of the user [121]. The user’s state is a
discrete variable representing possible walking modes, e.g. “go straight forward” or
“turn to the right,” as in [117]. The detection of the walking state is paired with the
use of a Kalman filtering technique - based on the forward dynamics of the cane robot
- to estimate the direction and magnitude of the user’s desired acceleration. Finally,
in [126], Erden et al. present a unique interpretation of human intent obtained from
the measured interaction force between a human hand and a HapticMaster robot.
The robot is under impedance control; thus, using the principle of preservation of
momentum, it follows that the integral of the controller force applied by the robot
in the time period between two stable resting states is equal to the total momentum
delivered by the human interaction. Therefore, the authors use the integral of the
robot controller force – which can also be called the impulse – as a measurement of
the human intention and define a user’s desired change in set point position of the
robot as being proportional to the impulse by some tunable scaling factor. This final
relationship is based solely on an intuitive understanding of the load dynamics and
the ways in which humans tend to manipulate objects. It is a convenient substitution,
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since relating the impulse to the desired set point position means the intent can easily
be given as an input to the robot impedance controller.
Another paradigm for intent interpretation involves the use of robot position measurement to predict future motion. In [123], Corteville et al. assume the human to be
in control, so the motion of the human-robot interaction point is assumed to result
entirely from the human intention. Position sensing is used to estimate a minimum
jerk, bell-shaped profile of the user’s desired speed that is continuously updated. The
minimum-jerk speed trajectory has been used by many researchers as a model for
human movements [133]. Corteville et al. have allowed the robot to assume that at
any instant the intended human velocity is to have this bell shape; therefore, estimation of the curve parameters is equated with estimation of the human’s motion
intent. Under the same paradigm, Brescianini et al. make use of a combination of
simple position and force sensing embedded in a pair of augmented crutches [122].
From these signals, the authors extract gait parameters such as stride length, height
difference, direction, and operation mode. These values are then used to generate
motion trajectories for a lower-limb exoskeleton that is being worn along with the
crutches.
The final example of intent interpretation we will examine is the use of force and
position to estimate human impedance. In [111], Wang et al. have a 10-DoF handshaking robot with a force/torque sensor mounted in the end effector. The robot end
effector is simply a metal rod that a human may grasp as if it is the other partner
in a hand shake. An impedance relationship can be defined between the measured
position and orientation of the robot end effector and the resulting forces and torques
measured at the end effector, resulting from interaction with the human. The human
is then modeled as a linear impedance with three parameters – mass, damping, and
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stiffness. Using the recursive least squares (RLS) algorithm for online parameter
estimation, the current human impedance parameters are heuristically classified as
being “low” or “high” and are then used as the inputs to a Hidden Markov Model
(HMM) to decide if the person intends to be “active” or “passive” in the handshake
interaction with the robot. The authors have made extensive use of their model of
the human control – i.e. the consistent relationship between a hidden user state and
their resulting impedance parameters, and the linear impedance control employed by
the human – to infer a more abstract definition of user intent from mechanical sensing
at a lower level.
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Chapter 3
A Myoelectric Control Interface for Upper-Limb
Robotic Rehabilitation of SCI
∗

Spinal cord injury (SCI) is a widespread, life-altering injury leading to impairment
of sensorimotor function that, while once thought to be permanent, is now being
treated with the hope of one day being able to restore function. Surface electromyography (EMG) presents an opportunity to examine and promote human engagement at
the neuromuscular level, enabling new protocols for intervention that could be combined with robotic rehabilitation, particularly when robot motion or force sensing
may be unusable due to the user’s impairment. In this chapter, a myoelectric control
interface to an exoskeleton for the elbow and wrist was evaluated in two phases: a
pilot study and a main experiment. In the pilot study, a population of 5 able-bodied
participants and 2 individuals with cervical-level SCI performed voluntary isometric
contractions inside the exoskeleton, with their myoelectric activity analyzed offline.
In the main experiment, a population of 10 able-bodied participants and 4 individuals with cervical-level SCI also performed voluntary isometric contractions inside
the exoskeleton, with their myoelectric activity analyzed in real time to control the
exoskeleton. The ability of an EMG classifier to discern intended direction of motion in single-degree-of-freedom (DoF) and multi-DoF control modes was assessed for
∗

Portions of this chapter originally appeared in a publication in July of 2017 by McDonald,

Dennis, and O’Malley [102].
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usability in a therapy-like setting. The real-time classifier demonstrated high accuracy for able-bodied participants (averages over 99 % for single-DoF and near 90 %
for multi-DoF), and performance in the SCI group was promising, warranting further
study (averages ranging from 85 % to 95 % for single-DoF, and variable multi-DoF
performance averaging around 60 %). These results are encouraging for the future
use of myoelectric interfaces in robotic rehabilitation for SCI.

3.1

Background

Spinal cord injury (SCI) is a life-altering injury that affects hundreds of thousands of
individuals in the U.S [59]. These injuries are usually caused by mechanical trauma
somewhere along the spinal cord, which disrupts both sensation and motor function at
and below the level of injury. The resulting impairment depends largely on the severity
of the injury and can range from some muscle weakness to complete paralysis. While
the effects of spinal injury were once considered more or less permanent, scientific
advancements of the past several decades have dramatically changed outlooks to the
point that recovery of motor function is now believed to be an attainable goal for the
future of treatment [3].
Robotic rehabilitation has been demonstrated to be an effective therapy to promote motor recovery [13]. However, for the therapy to be most effective, it must be intensive, and patients must be appropriately challenged and mentally engaged [71,134].
For rehabilitation robots, this is typically addressed with some type of shared control, where the device monitors the user’s effort through movement or force sensing
and then gauges how much assistance to provide. Such a robotic system has limited
ability to respond appropriately when the patient has very little movement capability.
Surface electromyography (EMG)—the indirect measurement of muscle contrac-
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tion force from the change in electric potential occurring locally at the skin surface—
provides an opportunity to examine and promote human engagement at the neuromuscular level, allowing for new protocols for intervention with robotic rehabilitation.
Even in the absence of robotic assistance, EMG-triggered neuromuscular stimulation
has been shown to be an effective treatment for stroke recovery [18]. Based on sensorimotor integration theory [12], when a patient generates muscle activity above a
certain threshold, as detected by EMG, then an assistive electrical stimulus is applied
to the muscles. Critically, movement-related afferent signals are synchronized with
volitional muscle contraction from intended movement [14]. In this work, we present
a robotic rehabilitation system with the same principle of operation, but with robotic
assistance replacing the electrical stimulus. Such a system is likely to be found engaging for the user, and to enhance motor learning [15], by synchronizing consciously
generated EMG with proprioceptive feedback. If we consider a hypothetical user who
is very weak in a certain degree of freedom (DoF), an EMG-controlled exoskeleton
could tailor its response to the user’s effort as they merely attempt to generate motion, whereas a velocity or force-triggered exoskeleton could not. Such a user could
find the initial trigger challenging and moving through the full trajectory impossible.
Here, we would argue that EMG-triggered assistance is still engaging, even though
the robot is following a predefined trajectory after the initial trigger. Moreover, an
EMG-based control algorithm could allow therapists to train specific muscle coordination strategies to promote healthy movement synergies and avoid reinforcing any
maladaptive activation patterns that patients might be utilizing. The potential value
of EMG control is furthered by the fact that many individuals with SCI still exhibit
significant myoelectric activity in their affected limbs, even if they have little to no
volitional control over those muscles [16, 17].
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Figure 3.1 : The MAHI Exo-II rehabilitation exoskeleton, capable of providing independent joint torques for four anatomical degrees of freedom. This user’s arm is
fitted with surface EMG electrodes at eight locations covering muscles that control
the elbow and wrist.

However, accurately decoding high-level motor intention is still a significant challenge, given the inherent noisiness and sensitivity of EMG measurements as well as
the complexity of the neuromusculoskeletal system. Even among healthy, able-bodied
individuals, differences in EMG patterns between users are significant enough that
most systems need to be calibrated for each individual user. Potential user motor
impairment only adds to this challenge, as the patterns of the myoelectric signal are
expected to be atypical [21].
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Despite these challenges, a number of research groups have been successful in
developing myoelectric control interfaces, particularly for robotic prostheses. In the
seminal work by Hudgins [129], a short time window of the myoelectric signal was
transformed into a set of features, which was then used to classify different types
of contractions of the amputee’s upper limb. Work on myoelectric control interfaces
for the upper limb has largely consisted of incremental improvements to Hudgins’
approach, with notable difficulty in achieving accurate discrimination of multipledegree-of-freedom movements [19]. In another example by Englehart and Hudgins,
they demonstrated a real-time control scheme that could accurately discriminate between four different hand-wrist poses from four channels of myoelectric data using
linear discriminant analysis (LDA), a standard classification algorithm in machine
learning that is often preferred for its simplicity and robustness [135].
We have transferred the myoelectric control strategy for robotic prostheses to
our robotic exoskeleton for rehabilitation, the MAHI Exo-II, shown in Figure 3.1.
The MAHI Exo-II is an upper-limb exoskeleton for the elbow and wrist joints that
allows for isolated or coordinated movements across four anatomical degrees of freedom (DoF): elbow flexion/extension (E-Flx/Ext), forearm pronation/supination (FPro/Sup), wrist flexion/extension (W-Flx/Ext), and wrist radial/ulnar deviation (WRad/Uln). The myoelectric interface records the activity of eight muscles that control
the elbow, forearm, and wrist, from which the intended direction of movement is classified using LDA.
The target population for our system is individuals that have been affected by
spinal injury, where the muscles themselves are present and intact, but damage to
the corticospinal tract inhibits the ability of the central nervous system to actuate them. There have been recent efforts to characterize the upper-limb muscle
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activity of individuals with incomplete cervical SCI using high-density EMG arrays [23, 24, 87, 136, 137]. They have shown the effectiveness of LDA and support
vector machine (SVM) classifiers in predicting intended isometric motor tasks from
individual subjects, and for the first time the possibility of group-specific intention
prediction for SCI patients [137]. In [23], Liu et al. show that there is a great amount
of redundancy amongst the many high-density electrode channels, as well as redundancy within the features of a single electrode channel. Therefore, a small fraction of
the available features can be selected to classify the data with minimal losses in accuracy. In light of these results, we hope to achieve accurate myoelectric control of our
upper-limb exoskeleton using a more traditional EMG interface, with electrodes targeted over specific muscles, avoiding the many complications of using a high-density
electrode array.
Similar work has already been carried out by Lu et al. [25] for the control of a
robotic exoskeleton for the hand. In a study that included two SCI participants, they
successfully achieved real-time control with a high degree of accuracy, demonstrating
the potential for EMG-controlled devices in robotic rehabilitation following spinal
injury.
We aim to demonstrate that these myoelectric control schemes can naturally be
extended to the control of our robotic exoskeleton for the elbow and wrist, the MAHI
Exo-II, for the target population of SCI. With incomplete cervical SCI individuals
we have used LDA—trained to recognize EMG patterns generated by different user
intentions—to then successfully predict the user’s intended direction of motion. No
constraints were imposed on the specific EMG patterns themselves, except that they
be consistent and distinguishable from one another. This allows us to demonstrate
the existence of consistent mappings between user intention and EMG patterns, in-
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dependent of any attempt to change the participant’s muscle activity beyond their
initial capabilities.
This work focuses on the design of the classification algorithm to decode singleand multi-DoF movement intent from EMG signals. We present the results of two
studies characterizing its performance in both individuals with SCI and able-bodied
control subjects.

3.2

Characterization of Myoelectric Signals Controlling the
Elbow and Wrist

A pilot study was designed to collect EMG data from members of both the able-bodied
and SCI populations, with which we could design and test a system for classifying
user intent. Here we present the methods, results, and discussion for this pilot study
before moving to the main experiment, where a classification system is tested for the
real-time control of the exoskeleton. Detailed descriptions of setting up a user in the
exoskeleton and methods of acquiring EMG data are given only in this section when
they are shared between the two experiments.

3.2.1

Methods

The data collection procedure was designed to be carried out in six control modes: four
single-DoF, corresponding to the active degrees of freedom of the exoskeleton, and two
multi-DoF. The single-DoF modes were elbow flexion/extension (E-Flx/Ext), forearm pronation/supination (F-Pro/Sup), wrist flexion/extension (W-Flx/Ext), and
wrist radial/ulnar deviation (W-Rad/Uln). The multi-DoF modes were elbow flexion/extension combined with forearm pronation/supination (EF-Multi) and wrist
flexion/extension combined with wrist radial/ulnar deviation (WW-Multi).
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EMG data was collected in all six control modes, one at a time, for each subject. All EMG data used for analysis was collected under approximately isometric
conditions, meaning the exoskeleton resisted the user as they attempted to move in
a certain direction. Here, the word approximately refers to the fact that the user is
capable of overpowering the exoskeleton and generate some small movement.

Myoelectric Feature Collection
Myoelectric signals were recorded from eight muscles that control movements at the
elbow, forearm, and wrist: biceps brachii (BB), triceps brachii (TB), pronator teres
(PT), supinator (S), flexor carpi radialis (FCR), extensor carpi ulnaris (ECU), extensor carpi radialis longus (ECRL), and flexor carpi ulnaris (FCU). These muscles
were chosen based on the experiment performed by Gopura et al. [138] to minimize
the noise and cross-talk associated with overlapping muscles. Their approximate
positions are shown in Figure 3.2 [139].
Analog band-pass filtering was applied to each channel at 20–450 Hz by the Delsys
Bagnoli EMG system, removing movement artifacts. All channels were then sampled
at 1 kHz, and additional digital band-pass filtering was applied (Butterworth, 4th
order, 20–450 Hz), removing the signal mean. In this pilot study, the signal from
each electrode was normalized by dividing by the maximum voltage recorded on that
electrode throughout the entire session. This was chosen instead of normalizing to
the maximum voluntary contraction because the maximum voluntary contraction
value is highly dependent on the task designed to measure it, and can potentially
be exceeded during experiments. No additional signal processing was applied before
feature extraction.
The standard time-domain (TD) features originally introduced by Hudgins in
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Figure 3.2 : Approximate locations for each EMG electrode labeled by muscle. Muscles that contribute primarily to E-Flx/Ext are marked in blue, F-Pro/Sup in red,
W-Flx/Ext in green, and W-Rad/Uln in purple. The right portion of the figure
shows examples of filtered EMG waveforms from an isometric contraction in the
Elbow-Forearm multi-DoF mode.

[129] were computed from the myoelectric signal, augmented with the autoregressive
(AR) coefficients and the root-mean-square (RMS), both of which are popular choices
as additions to the TD feature set and have been shown to increase classification
accuracy [84,140]. The time domain features are number of zero crossings (ZC), mean
absolute value (MAV), waveform length (WL), and number of slope sign changes
(SSC) (formulas found in [129].) The coefficients of a fourth-order autoregressive
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model (AR1–4) capture the frequency content of the time-varying myoelectric signal.
The total feature set (4TD+4AR+RMS) included nine features to be calculated on
each channel. The TD and RMS features were normalized by the average value of all
channels [25].
Features were computed from a 200 ms window of data at the onset of each contraction. This time span was chosen in accordance with the findings of Smith et
al. [141] to balance the competing effects of classification error and controller delay.

Subjects
5 healthy subjects (4 male, 1 female) and 2 subjects SCI (both male, at least 10
years post-injury) participated in this study. (Rice University IRB protocol FY201829.) Participants’ location of injury, identified by segments of the spinal column, was
restricted to be cervical (C) level for this pilot study, and ranged from level C5 down
to C7, meaning impairment of wrist function would be present as well as probable
impairment of elbow function.

Hardware
The MAHI Exo-II, shown in Figure 3.1, is a robotic exoskeleton designed for the
rehabilitation of the elbow and wrist joints [142]. It features serially connected
joints for elbow flexion/extension (E-Flx/Ext) and forearm pronation/supination (FPro/Sup), and a parallel revolute-prismatic-spherical mechanism that achieves wrist
flexion/extension (W-Flx/Ext) and wrist radial/ulnar deviation (W-Rad/Uln). The
MAHI Exo-II is equipped with an adjustable counterweight for passive gravity compensation of the elbow joint. In all phases of the experiment, the robot was position-
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controlled with proportional-derivative feedback. When robot motion was required,
the robot followed a pre-programmed reference trajectory.
The Delsys Bagnoli EMG system provides eight channels of surface EMG data.
The variable gain for the channel amplification was set to 1000. All robot and EMG
data was acquired with the Quanser Q8-USB, sampled at 1 kHz, and band-pass filtered
at 20 Hz–450 Hz.

Experimental Protocol

Setup: The Delsys Bagnoli EMG electrodes were placed according to SENIAM
guidelines [143], described in Table 3.1 and depicted in Figure 3.2. Neoprene wrapping
was used to insulate the EMG electrodes from the metal of the exoskeleton and
the electrical interference from the motors (the neoprene wrapping is not shown in
Figure 3.1).
The height and shoulder abduction angle of the MAHI-Exo II were adjusted so
the subject could hold their arm in a natural position with the elbow flexed while
seated. The position of the chair relative to the exoskeleton was adjusted to keep both
shoulders at equal heights and to keep the shoulder in the scapular plane (∼30◦ from
the frontal plane). Subjects were instructed not to move their torsos or shoulders
during testing but restraints were not used to enforce this. The wrist handle location
was positioned to provide a maximum range of motion while the subject held it in a
natural grip.
The elbow joint counterweight was set so that the subject was able to be at rest
while the robot elbow joint was at 90◦ of flexion. The exoskeleton can be configured
for left and right handed individuals, so the dominant arm was used for the able-
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Table 3.1 : Selected Muscles and Corresponding Electrode Locations
Muscle

Location and Palpation

Biceps brachii

Anterior of the upper arm, 1/3 of the way

(BB)

up from the elbow

Triceps brachii

Posterior of the upper arm, 1/3 of the way

(TB)

up from the elbow

Pronator teres

Medial side of the cubital fossa;

(PT)

pronatation of the forearm

Supinator

Medial posterior of the forearm

(S)

below the lateral epicondyle;
supination of the forearm

Flexor carpi radialis

Medial anterior of the forearm,

(FCR)

below the medial epicondyle;
flexion and radial deviation of the wrist

Extensor carpi ulnaris

Medial posterior of the forearm;

(ECU)

extension and ulnar deviation of the wrist

Extensor carpi radialis longus

Lateral posterior of the forearm,

(ECRL)

lateral to the brachialis;
extension and radial deviation of the wrist

Flexor carpi ulnaris

Medial anterior of the forearm,

(FCU)

medial to the ulna;
ulnar deviation of the wrist

bodied group, and the more impaired arm was used for the SCI group. Once inside
the exoskeleton, the participant was strapped to the robot at the upper forearm and
the hand.
Data Collection: Participants completed blocks of trials with 1 min breaks in
between each block of movements. Each block involved only one set of the single or
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multi-DoF control modes. The users were instructed to always direct effort along only
the currently indicated degree of freedom. Before testing, the they were presented
with practice sessions for each control mode in order to familiarize them with the
exoskeleton motion and the expected timing of the isometric contractions.
There were 3 different isometric poses for each single-DoF mode: one at each end
of the range of motion, and one at the neutral position. For the multi-DoF modes,
there were 5 different isometric poses: 4 for the pairwise combinations of the ends of
the range of motion, and one at the neutral position.
A flashing target and an arrow pointing from it prompted the user to initiate effort
in that direction. Following a 2 s contraction window, the user was moved by the
exoskeleton to the next isometric position over an approximately 2 s transition, given
1 s of rest in the new position, and then was prompted to start the next 2 s contraction
window. Users were instructed to remain passive as the exoskeleton moved between
isometric positions, meaning they should limit voluntary contractions, but no steps
were taken to enforce this condition.
Each subject was presented, in a pseudo-random order, with 15 repetitions of
each direction. With 2 directions per single-DoF mode and 4 directions per multiDoF mode, this resulted in 60 and 120 trials per block, respectively.

Data Analysis
Data collected from all eight EMG channels were segmented according to the automated cues provided to the user through the visual interface. Each isometric contraction took place within a 2 s window, within which a 200 ms window was identified as
the time of constant voluntary contraction. This smaller window was identified from
the user’s joint torque in the appropriate degree(s) of freedom, as estimated by the
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robot’s commanded motor currents. This torque measurement also served as a check
to ensure that users were producing contractions in accordance with the on-screen
targets.
Next, features were calculated from individual segments, as detailed in Section
3.2.1. To identify the features that showed distinct differences depending on the direction of movement, a version of neighborhood component analysis (NCA) was used,
as implemented by the MATLAB function fscnca [144]. NCA is similar in function
to the more common K-nearest neighbors algorithm, both being supervised learning
methods for classification of multivariate data. The MATLAB function fscnca is
intended to be used as a non-parametric method of selecting features by learning
feature weights that maximize the NCA classification accuracy. This analysis was
performed in isolation for each subject, creating a subject-specific set of features to
be used for classification.
For each subject, three classification problems were considered: intended direction
from all single-DoF modes (8 classes), intended direction from both multi-DoF modes
(8 classes), and intended direction from combining all single-DoF and multi-DoF
modes (16 classes). For all classification problems, data from all isometric poses were
pooled together.
Neighborhood component analysis was performed for each subject, for each of
the three data sets: single-DoF, multi-DoF, and combined. For each data set, the
data was partitioned using 10-fold cross validation, and NCA was performed for each
fold. The selected features from the fold that minimized the classification error were
considered the selected features for input to classification, moving forward.
The selected features were then divided into an 80 % training set and 20 % testing
set. With the subject-specific features, subject-specific classifiers were built from
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the training data using MATLAB’s linear discriminant analysis function fitcdiscr.
The testing data was then used to evaluate each classifier’s prediction accuracy. The
classification accuracy was calculated as the sensitivity, or true positive rate. The
average accuracy for the able-bodied group and for the SCI group was also calculated
for each data set.
In order to compare the able-bodied and SCI populations as a whole, the selected
features were narrowed further based on the frequency at which they were selected
by the NCA algorithm. A threshold of being selected at least 70 % of the time was
applied to select a set of features for comparison across populations.

3.2.2

Results

Classification
The performance of the subject-specific classifiers using the subject-specific NCAselected features is shown in Table 3.2. The average classification accuracy for the
able-bodied population was consistently higher than that of the SCI population.
The average classification accuracy was 82 % for the able-bodied population when
selecting the intended direction of motion from 16 possible motions—the most challenging classification task—and accuracy was 65 % for the two SCI subjects classifying
the same 16 possible directions of motion.

Feature Selection
There were 8 channels of EMG data corresponding to 8 different muscles, and 9 features calculated on each channel, totaling 72 features from each trial. For single-DoF
classification, the algorithm identified an average of 10 relevant features for each subject to be used for classification. For multi-DoF classification, the algorithm identified
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Table 3.2 : Classification Accuracy (%) by Participant, Data Set
Single-DoF

Multi-DoF

Combined

Able 1

97.92

81.25

92.71

Able 2

85.42

93.75

85.42

Able 3

95.83

81.25

79.17

Able 4

89.58

87.50

84.38

Able 5

83.33

60.42

66.67

SCI 1

77.08

72.92

69.79

SCI 2

79.19

68.75

60.42

Able AVG

90.42

80.83

81.67

SCI AVG

78.12

70.83

65.10

an average of 11 relevant features for each subject to be used for classification. For
the combined data the algorithm identified an average 17 features for each subject to
be used for classification. The selected features for single-DoF and multi-DoF data
sets are shown across all subjects in Figure 3.3.
The main features that were selected are RMS, MAV, AR1, and AR2. It should
be noted that RMS and MAV are somewhat similar in meaning, both being a measure
of the EMG amplitude.
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Figure 3.3 : Frequency of selection of features classifying intended direction of movement with single-DoF data set, multi-DoF data set, and combined single-DoF and
multi-DoF data set, using the neighborhood component analysis algorithm. Color
indicates the percentage of subjects for which a certain feature was chosen out of all
subjects. Feature descriptions are given in Section 3.2.1.

Feature Comparison
After narrowing the selection of features to those selected at a frequency above 70 %,
this resulted in 4 features identified to be used to classify within the single-DoF data
set, 4 for the multi-DoF data set, and 7 features for the combined data set. For the
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Figure 3.4 : Magnitude of selected features - averaged across trials - for four different wrist multi-DoF (WW-Multi) movements that are combinations of the following
movements: wrist flexion (W-Flx), wrist extenstion (W-Ext), wrist radial deviation
(W-Rad), and wrist ulnar deviation (W-Uln). Box plots represent distributions of
able-bodied subject data, and SCI subjects 1 and 2 are shown as purple and green
dots, respectively. Feature descriptions are given in Section 3.2.1.

single-DoF data set, they were FCR RMS, S MAV, ECU MAV, and ECRL MAV. For
the multi-DoF data set, they were FCU RMS, PT MAV, S MAV, and ECRL MAV.
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Finally, for the combined data set, they were FCR RMS, PT MAV, S MAV, FCR
MAV, ECU MAV, ECRL MAV, and BB AR1.
We chose to visualize a single example of these most commonly selected features, in
Figure 3.4, to demonstrate the qualitative similarity between the patterns of activity
found for the SCI population versus the able-bodied population. An average of each
feature across all observations of a specific movement was taken for each subject.
The box plots shown in Figure 3.4 are distributions of the means for the able-bodied
population, and the means for the two SCI subjects are shown as purple and green
dots.

3.2.3

Discussion

Overall, the classifier performed better for the able-bodied population than the SCI
population, as might be expected. 90 % accuracy has been suggested to be a reasonable threshold for clinical usability [19] of EMG control. Only the average of the
able-bodied subjects reached this threshold, and only or the single-DoF classification
task. Overall, however, the classifier performed well enough with both able-bodied
and SCI subjects that we chose to continue working with linear discriminant analysis
as a means of classification.
A subset of amplitude features and autocorrelation features from the EMG signal
was identified as particularly useful for these classification tasks. Notably, the mean
absolute value (MAV) feature was selected very consistently by NCA as a useful
indicator of muscle activity. When considering those features that were selected most
often (>70 %), a muscle from the upper arm was only selected once. The remaining
muscles used were all on the forearm, though muscles from both the flexor group
and extensor group were represented for each classification task. If one were looking
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to design a more simplified version of myoelectric feature collection, one could likely
place 4–8 electrodes with equal spacing around the forearm and calculate only the
MAV or RMS from each channel.
Though the methods presented in this study for intention classification are only
subject specific, we present analysis of feature selection and feature value distributions
across subjects. In the future, these results could be used in the design of a classifier
that does not need very much (or any) training data from individual subjects.
High variability within the means of features was observed among the able-bodied
subjects, as can be seen in Figure 3.4. This is suspected to be, in part, because we
did not include a way to monitor or control user effort during data collection, and is
something that we will address in our next iteration of the experiment.

3.3

Assessment of Myoelectric Signal Classification of Elbow
and Wrist Movements in Real Time

A pilot study was conducted to characterize myoelectric signals from muscles controlling the elbow and wrist while wearing an exoskeleton for those same joints. The
EMG data collected in that study was analyzed using offline classification of the
user’s intended direction of motion in different degrees of freedom controlled by the
robot. In the following experiment, a population of 10 able-bodied participants and 4
individuals with incomplete cervical SCI performed voluntary isometric contractions
inside the exoskeleton, as participants did in the pilot study, with their myoelectric
activity analyzed in real time to control an upper-limb exoskeleton.
The results of the pilot study informed the design of the online classification system used in this experiment. The same method of classification, linear discriminant
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analysis, was used. However, the classification tasks being studied were shifted to be
more in line with our goal of the system having practical value in robotic rehabilitation. In the pilot study, we attempted to predict the intended direction of motion
from the recorded myoelectric signals in three cases: all 8 single-DoF directions, all
8 multi-DoF directions, and the combined set of all 16 single-DoF and multi-DoF
directions. Classification accuracies for most subjects were below 90 %, which is a
target value for clinical usability. Given that physical therapists often train patients
at moving a single degree of freedom at a time, we chose to focus on the much simpler
classification tasks of decoding the intended direction in a single-DoF control mode
with 2 possible choices and decoding the intended direction in a multi-DoF control
mode with 4 possible choices.
The same initial feature set was used as before, paired with a different method of
selecting fewer features. The feature selection method of neighborhood component
analysis provided by MATLAB that was used in the pilot study was very time consuming, so a faster method called recursive feature elimination (RFE) provided by
the Scikit-Learn toolbox in Python was used instead.
In order to reduce the amount of training data that needed to be collected for
each classifier, we decided to no longer collect data from isometric contraction from
poses other than the neutral position. With this change, training examples could still
be generated for all possible directions of movement, but the complication of joint
position affecting the classification problem was removed from consideration.
We also introduced a method of measuring overall user effort level from the myoelectric signal in real time so that classification could be triggered at the appropriate
time. This had the added benefit of achieving more consistent contraction levels from
trial to trial for a given subject.
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The same experimental platform, including the MAHI Exo-II, Delsys Bagnoli
EMG system, and Quanser Q8-USB data acquisition card was used in this experiment.
However, the software integrating and controlling these components was upgraded
between the two experiments. The pilot study software was programmed visually
in MATLAB’s Simulink, from which real-time control software was generated using
QUARC, a Quanser product. For the main experiment, a custom C++ library was
written to handle robot control, EMG signal processing, and classification in real
time. The feature selection process and fitting of classifiers were handled by Python’s
machine learning toolbox Scikit-Learn.
The main goal of this experiment was to assess the ability of an EMG classifier
to discern intended direction of motion in single-DoF and multi-DoF control modes,
focusing on usability in a therapy-like setting. Here we present the methods, results,
and discussion of results for this main experiment before moving on to concluding
remarks.

3.3.1

Methods

Myoelectric Classifier Design
The myoelectric control interface was designed to operate in six control modes: four
single-DoF, corresponding to the active degrees of freedom of the exoskeleton, and
two multi-DoF. They are identical to the six control modes used in the pilot study.
Once again, the single-DoF modes were elbow flexion/extension (E-Flx/Ext), forearm pronation/supination (F-Pro/Sup), wrist flexion/extension (W-Flx/Ext), and
wrist radial/ulnar deviation (W-Rad/Uln). The multi-DoF modes were elbow flexion/extension combined with forearm pronation/supination (EF-Multi) and wrist
flexion/extension combined with wrist radial/ulnar deviation (WW-Multi). For each

66
control mode, an LDA classifier was trained to predict the direction of the user’s
intended movement using features of the myoelectric signal collected during a brief
isometric contraction. For each single-DoF mode, there were two possible classification directions, and for each multi-DoF mode, there were four possible classification
directions, shown in Figure 3.5 and Figure 3.6.
The eight muscles selected for recording EMG, the placement of the electrodes,
and features extracted from those signals were identical to those described for the
pilot study, Section 3.2.1, except normalization by the maximum recorded voltage
was not applied in the main experiment.

Figure 3.5 : Visual representation of the task for the two single-DoF modes (a) elbow
flexion/extension (E-Flx/Ext) and (b) forearm pronation/supination (F-Pro/Sup), their
combination (c) in a multi-DoF mode (EF-Multi). Labeled targets with arrows represent
the graphical user interface that the users were shown, which was automatically adjusted
for each control mode.
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Figure 3.6 : Visual representation of the task for the two single-DoF modes (a) wrist
radial/ulnar deviation (W-Rad/Uln), (b) wrist flexion/extension (W-Flx/Ext), and their
combination (c) in a multi-DoF mode (WW-Multi). Labeled targets with arrows represent
the graphical user interface that the users were shown, which was automatically adjusted
for each control mode.

Classifier Fitting & Customization
Classifiers were trained using an iterative combination of linear discriminant analysis (LDA) to fit the data and Recursive Feature Elimination with Cross Validation
(RFECV) to reduce the feature set. (Both algorithms were implemented by the
Scikit-Learn toolbox in Python.) LDA was chosen for its relative simplicity and high
success rate when compared to other common myoelectric classification algorithms,
and its ability to successfully make classification predictions with a low amount of
training data [19]. RFECV is an algorithm that uses cross validation on the set of
training data it has been given in order to select the optimum feature combination, often resulting in a significantly smaller number of features being used for classification.
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Although the full feature set can be used without reduction, it has been shown that
using a smaller subset of features for classification can improve or maintain classifier
performance while reducing computation time [23].

Study Design
The main objective of this study was to generate a unique classifier for each subject
and each control mode in order to compare the performance between single-DoF and
multi-DoF modes and between able-bodied and SCI subjects. For each case (i.e.,
subject and control mode), the protocol was broken into three stages: calibration of
active contraction versus rest states; training data collection and classifier fitting; and
online testing of classifier performance. Figure 3.7 illustrates the task from the user’s
perspective. By testing classifier performance online with individuals from the target
population wearing a rehabilitation exoskeleton, we are emulating the conditions of
the intended application.

Participants
Ten able-bodied individuals participated, one female and nine male, ages 20–28. Four
individuals with SCI participated; details are given in Table 3.3. (Rice University IRB
protocol FY2018-29.) For SCI, the extent of injury is quantifiable by the American
Spinal Injury Association’s (ASIA) impairment scale (AIS), with grade A corresponding to a complete injury with loss of sensory and motor function below the level of
injury, and grades B-D describing degrees of incomplete injury from most to least
severe. Participants’ location of injury, identified by segments of the spinal column,
was restricted to be cervical (C) level for this study, and ranged from level C3 down
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Figure 3.7 : An illustration of the experimental task, as experienced by the user, for the
single-DoF elbow flexion/extension control mode. The user is held in a neutral position
by the exoskeleton as they attempt to generate movement about the selected degree(s) of
freedom, received commands from the visual interface. For each mode, targets are presented
in a random order, with the user generating an isometric contraction during an “active”
phase, and then relaxing their muscles during a “rest” phase. Once the threshold for
detection of myoelectric activity is set during the calibration step, the training data is
collected in the manner depicted here for the necessary number of trials, and a classifier
is fit to the training data. Then, predictions made by the classifier are tested also in the
manner that is depicted here; i.e., it is the same as the collection of training data, from the
user’s perspective. Finally, the classifier predictions are testing with the robot carrying the
user to the predicted target and back after the “active” phase of each trial.

to C6, meaning impairment of wrist function would be present as well as probable
impairment of elbow function.

Experimental Protocol
We used the same setup procedure for electrode placement and fitting inside the
exoskeleton as was used in the pilot study, Section 3.2.1. Following these initial
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Table 3.3 : SCI Participant Information
Sex

Age

Level

Severity (AIS)

SCI 1

F

30

C5/6

B

SCI 2

M

22

C4/5/6

C

SCI 3

M

23

C6

A

SCI 4

M

49

C3/4/5

C

preparations, the user was then taken through calibration, training, and testing for
each of the six control modes. All data were collected as the user started from a
neutral position and performed an isometric contraction in the direction of a target
presented on a visual display, while being held in place by the exoskeleton.

Calibration
To calibrate the system to detect the onset of contraction, the user performed a single
isometric contraction in the direction of each target of the current control mode. Since
the effort level of the user can greatly affect the classification [145], a calibration
procedure was designed to control user effort level to be consistent. We chose to
use the Teager-Kaiser Energy Operator (TKEO) to quantify the instantaneous power
level of each EMG channel. This metric was chosen because it accounts for both the
amplitude and frequency of the EMG waveform, both of which increase when the
muscle is active. It has also been demonstrated to be more robust for event detection
than standard amplitude threshold techniques [146].
A 500 ms sample of the TKEO was captured while the user was at rest and while
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they performed an isometric contraction toward each target. The LDA classification
algorithm was used to calculate the posterior probabilities of the user being either
active or at rest. For able-bodied participants, a threshold active-state probability
of 0.80 was set to indicate the onset of contraction, and a threshold rest-state probability of 0.80 was used between contractions to ensure that the user returned to
a relaxed starting position. For SCI participants, these values were hand-tuned for
better performance.

Training
To train the directional classifier, the user performed isometric contractions in the
direction of each target to fit the classifier to the user’s specific EMG activity. Visual
targets were presented in a random order, and upon detection of the user’s transition from a rest state to an active state, the full feature set was extracted from the
last 200 ms of EMG data. The iterative LDA fitting and RFECV feature reduction
algorithm was then performed.
Instead of defining a fixed amount of data to train the classifier, we chose to start
with a low number of contractions (five per direction) and add training observations
in increments of five per direction until the five-fold cross-validation score for classifier
accuracy reached a minimum of 85 % for all folds and the mean accuracy of the set
was above 95 %. If these criteria could not be achieved, the maximum number of
training observations was capped at twenty per direction.

Testing
Classifier performance was tested under two conditions: with and without robot
motion feedback. The first testing condition was without robot motion feedback.
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Users performed visually-prompted isometric contractions in the same manner as in
training. There were ten repetitions per direction, presented in a random order.
Following detection of the user’s active state, the trained classifier used the selected
features computed from the last 200 ms of EMG data to predict the direction of
intended motion. The classifier prediction was recorded but not presented to the user
in any form.
Testing with robot motion feedback functioned in the same manner as the withoutfeedback condition, except that the exoskeleton moved the user to the target predicted
by the classifier immediately after each prediction. As this condition was more time
consuming, there were only five repetitions per target, presented in a random order.
The purpose of the no-feedback condition, where the user was blind to the classifier
predictions, was to ensure that they were not able to change their muscle activity in
order to achieve better outcomes, thus allowing us to test the accuracy of the classifier
more rigorously.

Data Analysis
For the testing condition without robot motion feedback, classifier performance was
evaluated by first constructing a confusion matrix for each subject and each mode.
The classification accuracy was then calculated from each confusion matrix as the
sensitivity, or true positive rate, which is equivalent to the sum of the values on the
main diagonal of the confusion matrix divided by the sum of all values. The average
accuracy for the able-bodied group and for the SCI group was also calculated for each
mode.
To determine whether the classifier performed better than chance, one-sided 95 %
confidence intervals for accuracy from random guessing were estimated for the binary
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(single-DoF) and four-class (multi-DoF) classification problems. Over 10,000 repetitions, with ten observations per class, classifier predictions were randomly generated
from a discrete uniform distribution in order to calculate the confidence intervals for
classification accuracy. Classification performance was considered unsuccessful if the
accuracy was less than the upper bound of the random-chance confidence interval.
Regularization is often necessary to condition the fitting of a classifier. While
conducting data analysis, it was determined that regularization was not appropriately applied to the covariance matrix inversion during the computation of the linear
discriminant function. Therefore, this portion of the experimental code was rerun
offline with automatic regularization. The corrected data were used in all subsequent
data analysis and presented results.
In addition to basic classification accuracy, feature selection and its effect on
performance were also evaluated. For each EMG feature, the frequency of selection
by the RFECV algorithm was computed across all single-DoF modes and across both
multi-DoF modes. Classifier training and testing was then re-run offline without
RFECV for each subject and control mode: once using the entire feature set for each
channel, and once using only one feature, the RMS, calculated on each channel.
For the testing condition with robot motion feedback, the same calculations of
accuracy were performed, and the average accuracy for each group was calculated.
Because there was very little data collected in this condition relative to the no feedback
condition, more detailed analysis of the classification performance was not carried out.

3.3.2

Results

In this section we provide a more detailed breakdown of how classification accuracy
compares between groups, and between single-DoF and multi-DoF modes, for the
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no feedback condition. Additionally, we show the number of training observations
required to satisfy a certain predetermined cross-validation accuracy, which, like classification accuracy, is an important metric for evaluating the system’s practical value.
We then show the frequency with which specific features of the myoelectric signal
were selected as useful inputs to the classifier. A comparison of classification accuracy using different methods of features selection and classification is presented for
the discussion of variable performance across subjects, and as a guide for possible
future work. Finally, we present classifier performance for the robot motion feedback condition, as a demonstration of full real-time myoelectric control of the MAHI
Exo-II.

Classification Accuracy: Able-bodied vs. SCI
The EMG-based classifier was able to classify the user’s intended movement direction
with a high degree of accuracy for the able-bodied participants across modes. We
found that the classifier was more accurate, on average, in the able-bodied group
than the SCI group, though this difference was not uniform across subjects and modes.
Classifier performance during the no feedback condition is summarized in Table 3.4,
where classification accuracy is listed for all subjects and all single-DoF and multi-DoF
modes. Based on the random-chance confidence intervals, unsuccessful classification
performance was defined as < 70.0 % for single-DoF modes and < 37.5 % for multiDoF modes.
For the able-bodied participants, classification accuracy for the single-DoF modes
reached 100.0 % for most cases, and only dropped to 95.0 % (one observation misclassified) in four cases. While the average accuracy for the two multi-DoF modes was
near 90.0 %, we still see higher variability in addition to lower average accuracy when
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compared to the single-DoF modes. For multi-DoF modes, the classification accuracy
was at or above 85.0 % for all but two subjects. For one of those subjects, Able 7,
the performance was notably lower—EF-Multi and WW-Multi accuracy was 67.5 %
and 57.5 %, respectively—and it will be treated further in the discussion.
For the SCI participants, the classifier performance was varied, ranging from near
the threshold of random chance to 100.0 % for many single-DoF cases. For two participants, SCI 1 and SCI 4, the single-DoF classification accuracy was as high as it was
for the able-bodied group. Single-DoF performance for participant SCI 2 was mostly
equivalent to the able-bodied group, while for SCI 3 it was poor for all single-DoF
modes when compared to the able-bodied group. This participant, SCI 3, was the
most impaired of our SCI participants (ASIA A complete). Three individual cases
(underlined in Table 3.4) were found to have scored below the 70.0 % threshold set for
being no better than random chance: SCI 2 W-Flx/Ext mode, and SCI 3 E-Flx/Ext
and F-Pro/Sup modes. Multi-DoF performance for the SCI group was significantly
lower than the able-bodied group average in nearly all cases. However, once again,
SCI 1 and SCI 4 performed much better than SCI 2 and SCI 3. SCI participant 3
could not complete the final WW-Multi mode due to external timing constraints, and
that data has simply been omitted from all reported individual and group results.
Confusion matrices averaged across all able-bodied subjects and all SCI subjects
are shown in Figure 3.8. Each row of a matrix corresponds to one of the possible
directions, and the value of each column within that row is the frequency - from 0 to
1 - at which the classifier predicted one of the directions from the same possible set
of directions. Values on the main diagonal correspond to correct classifications, and
all other values off the main diagonal correspond to misclassifications. Even within
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the lower-performing SCI group (bottom row, in blue), no target was consistently
misclassified with greater frequency than it was correctly classified.

Table 3.4 : Classification Accuracy (%) by Participant, Control Mode
E-F/E

F-P/S W-F/E

W-R/U

EF-Multi

WW-Multi

Able 1

100

100

100

100

97.5

95.0

Able 2

100

95.0

100

100

100

100

Able 3

100

100

100

100

77.5

90.0

Able 4

100

100

100

100

100

97.5

Able 5

100

100

95.0

100

87.5

87.5

Able 6

100

100

100

100

100

92.5

Able 7

100

100

100

100

67.5

57.5

Able 8

100

95.0

100

95.0

100

92.5

Able 9

100

100

100

100

95.0

100

Able 10

100

100

100

100

95.0

85.0

SCI 1

100

100

100

100

67.5

82.5

SCI 2

100

90.0

65.0

100

40.0

40.0

SCI 3

55.0

50.0

85.0

80.0

55.0

n/a

SCI 4

95.0

100

100

100

82.5

65.0

Able AVG

100

99.0

99.5

99.5

92.0

89.8

(SD)

(0)

(2.10)

(1.58)

(1.58)

(11.2)

(12.4)

SCI AVG

87.5

85.0

87.5

95.0

61.3

62.5

(21.8)

(23.8)

(16.58)

(10.0)

(18.1)

(21.4)

(SD)
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Figure 3.8 : Confusion matrices averaged across all able-bodied subjects (top) and all
SCI subjects (bottom), showing online classification performance (with corrected regularization). Each of the four single-DoF and two multi-DoF modes correspond to a 2-by-2 or
4-by-4 confusion matrix, respectively. Acronyms for intended motions are as follows: elbow flexion/extension (E-Flx/Ext), forearm pronation/supination (F-Pro/Sup), wrist flexion/extension (W-Flx/Ext), and wrist radial/ulnar deviation (W-Rad/Uln).

Training Observations Required
The number of training observations required to train the directional classifier is
shown in Figure 3.9. Training data was incrementally added until the cross-validation
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scores of the training set passed certain criteria, starting with 5 observations per
directions and increasing by increments of 5 per direction until the maximum value
of 20 observations per direction was reached. In the single-DoF modes, the minimum
value of 5 observations per direction was required 89 % of the time. The amount
of training data needed in the multi-DoF modes was more variable, averaging 12.4
observations per direction across subjects. The instances that required more training
data also exhibited lower classification accuracy, which is unsurprising given that
more observations were acquired only when cross-validation scores of the training
data were low.

Training Observations per Target

20
ABLE
SCI
AVG

15

10

5

0

E-Flx/Ext

F-Pro/Sup

W-Flx/Ext

W-Rad/Uln

EF-Multi

WW-Multi

Figure 3.9 : Number of training observations required for the four single-DoF and
two multi-DoF modes, with averages across subjects shown in gray bars.

Selected Features
EMG features used for movement classification were chosen by the Scikit-Learn toolbox’s RFECV algorithm. As shown in Figure 3.10, there was a noticeable difference
in features selected for single-DoF movements versus multi-DoF movements. Namely,
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when operating in multi-DoF modes, fewer features were automatically selected, and
the RMS and MAV features were chosen more frequently than the rest. For both
single-DoF and multi-DoF modes, RMS and MAV were the only features chosen at a
frequency greater than 50 %.

single-DoF
multi-DoF

70%

Frequency of Selection

60%
50%
40%
30%
20%
10%
0%

RMS

MAV

WL

ZC

SSC

AR1

AR2

AR3

AR4

Figure 3.10 : Frequency of feature selection by recursive feature elimination with
cross-validation across all participants (both able-bodied and SCI) and across all eight
EMG channels, averaged across single-DoF and multi-DoF modes separately (bars
show standard deviation). Features are root-mean-square (RMS), mean absolute
value (MAV), waveform length (WL), number of zero crossings (ZC), number of slope
sign changes (SSC), and autoregressive coefficients (AR1–4). RMS and MAV had a
higher average selection rate (>50 %) in both single-DoF and multi-DoF modes.

Offline Comparison of Methods
Training and testing of the classifier were rerun offline for all participants and modes
to compare our results against other methods of feature selection. In Figure 3.11, the
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Figure 3.11 : Comparison of classification accuracy—separated into averages of single-DoF
modes (top) and multi-DoF modes (bottom)—for different methods of feature selection and
classification. For each subgroup of three bars, the methods used to generate the data, from
left to right, are: RFE – recursive feature elimination with cross validation, our method;
all features – using all possible features from all channels; and RMS – using only the rootmean-square value of each channel. The first grouping of three bars on the left shows
the average scores across all able-bodied participants (error bars in black show standard
deviation), and the remaining four groups show scores of individual SCI participants.

effects of feature selection methods on classification accuracy are shown as averages
across the single-DoF modes (top) and multi-DoF modes (bottom). The data are
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also presented as an average for the able-bodied group, since the effects on the SCI
participants are of more interest.
Accuracy was highest, on average—uniformly, within the SCI group—when all
features were used. When the feature set was reduced to include only RMS, the
classification accuracy was very similar to that of the REFCV algorithm. It should
be noted that results from these post hoc decisions are not valid predictions of which
method will perform better when implemented online, as would be the case when
triggering for robotic rehabilitation, but provide additional information about the
linear separability of this specific data set.

Testing with Robot Motion Feedback
Classification testing for each mode was always done under two conditions: first,
without robot motion feedback, and then, with robot motion feedback, i.e., with
the robot moving to the target predicted by the classifier. The feedback condition
(FB) testing generated a smaller data set than that of the no feedback condition (5
observations per direction, as opposed to 10). The resulting classification accuracy,
presented in Table 3.5, is qualitatively similar to that seen during the no-feedback
condition.

3.3.3

Discussion

The performance of this EMG-based classifier, and, more generally, of this real-time
myoelectric control interface, was found to be as good as expected for the ablebodied population, with averages of single-DoF classification accuracy over 99 %, and
averages of multi-DoF classification accuracy near 90 % (a reasonable threshold for
clinical usability [19].)

82
Table 3.5 : Classification Accuracy (%) by Mode, with Robot Motion Feedback
E-F/E

F-P/S

W-F/E

W-R/U

EF-Multi

WW-Multi

Able AVG

100

100

100

100

88.5

93.0

(SD)

(0)

(0)

(0)

(0)

(9.4)

(9.2)

SCI AVG

95.0

100

95.0

85.0

58.8

73.3

(10.0)

(0)

(10.0)

(23.8)

(32.5)

(20.2)

(SD)

For the SCI participants, the results encourage the further development of myoelectric control interfaces for rehabilitation robots. The average classification accuracy
for the single-DoF control modes ranged from 85.0 % to 95.0 %, and for the multiDoF modes it was just above 60 %. Given the severity of the impact of a cervical
level spinal injury on motor function, it is not surprising that the performance of
the classifier for the SCI group does not match that of the able-bodied group. The
ability to accurately classify movement intent for some SCI participants, especially
in the single-DoF modes, is evidence of useful information in the myoelectric signal
for control of a robotic rehabilitation device at that joint.
The use of a variably-sized training data set, Figure 3.9, was effective in reducing
training time where it was possible: the vast majority of the single-DoF classifiers
were trained on the predetermined minimum number of 5 observations per direction.
It was also effective in reaching the desired cross-validation accuracy to terminate
training for many of the cases where the minimum-size training set was insufficient.
Using the RFECV algorithm to select a subset of the possible features revealed a
preference for the root-mean-square (RMS) and mean absolute value (MAV) of the
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EMG window for classifying intended direction, specifically in the multi-DoF case,
Figure 3.10. This suggests that when designing a classifier for any similar motor task
in the future, inclusion of either one or both of these features would be advisable.
In contrast, the offline comparison of feature selection methods, illustrated in
Figure 3.11, showed a consistent increase in accuracy across participants and modes
when the entire possible feature set was used, as compared to the recursive feature
elimination algorithm. The offline accuracy was boosted by giving the classifier access
to all the information in the full feature set, while not being negatively affected by
the higher dimension of the feature space. While we expected feature reduction to
prevent overfitting and lead to higher performance, this was not what we observed in
the offline comparison. Additionally, we found that using RMS as the only feature
computed on each channel was comparable to using recursive feature elimination,
suggesting that the more computationally intensive recursive feature elimination algorithm can be replaced with a simpler choice in future work. It is also interesting to
note that RFE algorithm is the only one of these feature reduction methods that is
participant-specific, yet it did not out-perform the other methods. These findings are
consistent with the studies by Lorrain et al. [140] and Huang et al. [84], which found
the combination of time domain and autoregressive features (and RMS, in [84]) to
perform the best in classification schemes for myoelectric upper-limb prostheses.
Across the different methods compared in Figure 3.11, the accuracy for certain
subjects in certain control modes remained markedly lower than others in their respective subject group, suggesting that something may set them apart. The first
two single-DoF modes (E-Flx/Ext and F-Pro/Sup) for SCI participant 3—the most
impaired participant—remained below 70 % accuracy, and the two multi-DoF modes
for SCI subject remained at or below 50 % accuracy. A “low-performer” was also
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observed in the able-bodied group: the two multi-DoF modes for Able subject 7
remained below 75 % accuracy for all methods tried, setting them apart from the
accuracy of the other able-bodied subjects. Able subject 7 scored 100 % on all singleDoF modes, suggesting that there may have been some difficulty with the multi-DoF
modes either at the level of motor coordination or at the cognitive level; however,
further investigation is required to identify the root cause.
Though limited studies on the real-time performance of such classification algorithms exist, particularly for SCI, there are a few that provide a basis of comparison
to our study. Lu et al. [25] used a linear Bayes classifier, four EMG channels, and a
similar feature set, and showed that the classifier recognized six possible hand motions intended by the user and controlled the corresponding movements of a hand
exoskeleton. For eight neurologically intact participants, the average classification
accuracy was 98.1 %. Two individuals with cervical level SCI participated, for whom
the average classification accuracy was 90.0 %. We achieved this level of performance
with able bodied subjects, and with a subset of our SCI participants. In a study with
amputees, Englehart et al. [147] produced a similar LDA classifier to the WW-Multi
mode, where they were able to achieve 94 % accuracy using an offline, continuous
classification scheme. While our scheme required an average of 13.5 observations per
direction for training the WW-Multi mode, in [147], a constant 10 observations per
direction were collected. These comparisons are difficult to make, however, since the
specific details of the methods and target populations used are quite different from
our own, and the sample sizes are so small. Yet, with a lack of more suitable alternatives, such studies at least provide a point of reference for the possible accuracy that
could be achieved in multi-class classification of EMG patterns for both able-bodied
and SCI individuals.
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Techniques from control of prostheses and complex robotic systems [85, 86, 148]
show promise for application to robotic rehabilitation. For example, simultaneous
control of multiple degrees of freedom can be achieved through regression [86, 148],
instead of classification, along with higher-density placement of EMG electrodes. Our
objective in this paper was to demonstrate myoelectric control of our robotic exoskeleton with the incomplete cervical SCI population, as compared to able-bodied individuals. Given that our participants are impaired in their ability to generate muscle
activations, additional challenges must be overcome to translate these methods to
rehabilitation applications. Regarding real-time classification for multi-DoF control
of prostheses, results from [85] indicate that the topology of the classifier should be
examined in the interest of improved accuracy and scalability of multi-DoF control.
Here, offline classification accuracy for 6 single-DoF and 20 multi-DoF movements,
plus rest, averaged across 17 reached as high as 93.7 % (SD = 2.5 %) using LDA with
other topologies.
Analyzing classifier performance in the robot motion feedback condition serves
both to validate the full closed-loop EMG-controlled exoskeleton system and to study
the effect of the robot motion feedback separately from the recognition of intent.
Notably, during this phase of the experiment, participants instinctively tried to make
use of their new knowledge of the classifier predictions and to alter their muscle
activity to achieve more correct predictions. This result is quite encouraging for
those who wish to use EMG in a rehabilitation training protocol.
The results of testing with robot motion feedback are only preliminary and come
from a relatively small data set, so further study is needed to see how well users of
this system learn to adapt their myoelectric activity. How such a myoelectric training program could be utilized for robotic rehabilitation is a particularly interesting
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question that is starting to garner some attention [33]. Myoelectric control of rehabilitation robots could lead to future opportunities for therapists to train certain muscle
coordination strategies and reduce maladaptive muscle activation patterns [21].

3.4

Conclusions

In this chapter, the design of a myoelectric control interface for an upper-limb exoskeleton was presented and evaluated with able-bodied individuals and individuals
with incomplete cervical SCI. Initial characterization of the myoelectric signals involved in isometric contractions of the elbow and wrist led to the design of a realtime myoelectric control interface. The system was able to classify intended movement
direction with a high degree of accuracy for able-bodied users across single and multiDoF control modes, while the classification performance was more variable with SCI
users, but still achieved high accuracy with some frequency across control modes. The
use of EMG to control an exoskeleton in real time shows promise for translation from
the unimpaired population to the target population, SCI, particularly with simpler
single-DoF directional classification tasks.
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Chapter 4
Muscle Synergy Analysis
4.1

Introduction

One of the major goals in the field of motor control over the last century has been to
explain how the central nervous system (CNS) handles the planning and control of
movement, given the infinite number of possible kinematic and dynamic solutions for
a specific task. When human beings perform a physical task, their changing position
over time is described by the kinematics of their body, and the evolution of their
kinematics over time due to external and internal forces and torques is described by
the dynamics of their body. Humans generally perform physical tasks by achieving
one of a set of acceptable trajectories in Cartesian space with the hands and/or feet.
Solving for the joint angles required to achieve a certain pose of the end effector (i.e.,
hand or foot) is known as the inverse kinematics problem—the forward kinematics
problem being the description of the pose given the joint angles. Solving for the
dynamic forces and torques needed to achieve a certain trajectory of joint angles is
known as the inverse dynamics problem—the forward dynamics problem being the
trajectories of the joint angles given the dynamic forces and torques externally applied
to the body.
The infinite solutions to both the inverse kinematics and inverse dynamics problems arise from the redundant number of kinematic degrees of freedom (DoFs) of
the human body and the redundant number of force-generating muscles across joints.
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One of several competing theories for how the CNS approaches this problem is the
muscle synergy hypothesis, which proposes that the CNS flexibly combines small
groups of muscles called “muscle synergies” or “motor modules” with fixed levels of
activation [149].
In this study, we consider the identification of muscle synergies, specifically, in a
human using a robotic exoskeleton for the elbow and wrist. A number of studies have
recently observed connections between changes in muscle synergies and neurological
injury, some notable examples being work by Roh et al. [90] and Cheung et al. [32].
Further, repetitive training with a robotic device has been shown to be capable of
changing synergies in neurologically impaired individuals [150]. Therefore, we are
motivated to study muscle synergies, and how they might be altered by a robotic
device, as a path to recovery of natural motor function. The robot used for this study,
the MAHI Exo-II, was designed as a platform to study upper-limb rehabilitation
for individuals with neurological impairments. (Details of the robot’s design and
modeling can be found in Appendix A.)
Our primary interest is how the identification of muscle synergies while using the
robot could be of use in the design of robotic rehabilitation control strategies, or in
the assessment of an individual’s impairment. Our aim is not to test the validity
of the muscle synergy hypothesis, but to test the value of muscle synergy analysis
performed on single-DoF elbow and wrist movements for the study and advancement
of robotic rehabilitation.
With these goals in mind, we ask three main research questions. First, can we
identify a set of muscle synergies that can explain the muscle activity recorded while
a neurologically intact subject uses the MAHI Exo-II as they would during rehabilitation. Second, are the identified synergies significantly altered by task constraints
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imposed on the user by the robot. Third, are our results affected by methodological
choices in the muscle synergy analysis.

4.1.1

Identification of Muscle Synergies

Synchronous muscle synergies – from here on referred to just as muscle synergies – are
spatial patterns of muscle activity that are fixed for a certain family of biomechanically
related tasks, such as arm reaching [94] or posture correction [151]. They can be
thought of as groups of muscles activating in a fixed balance [27].
The model for how individual muscle activity is generated from muscle synergies
is given by the following equation:
~x =

K
X

ci w
~ i + ~,

(4.1)

i=1

taken from [27], where ~x is the N -dimensional data vector taken at one time sample
from N individual muscles, the w
~ i are the K synergy vectors each comprised of N
weighting coefficients, the ci are the K scalar activation coefficients for the corresponding K synergy vectors at one time sample, and ~ is an N -dimensional noise
vector. The concept is illustrated in Figure 4.1, over many samples in time, as in the
recording of a single point-to-point movement.
An important aspect of this model is that all the individual muscle activations ~x
are expected to be non-negative, as muscles can only generate force by pulling, not
pushing. Therefore, it is also seen as reasonable, from a physiological perspective, to
expect the non-negative constraint to be applied to the synergy vector weights and
their corresponding activation coefficients.
Given a time series of EMG sample vectors ~x(t) concatenated into a N -by-M
matrix X, where M is the number of time samples, the approximation of the data by

syn 3

syn 2

syn 1
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(a) SV

(b) NC

(c) Rec

Figure 4.1 : Illustration of the model described by Eq. 4.1 using artificial data. Muscle
synergy vectors (bar graphs) are scaled over time by the activation coefficients, or
neural commands, of the same color and then summed to approximate the activations
of the individual muscles.

K synergies according to Eq. 4.1 can be rewritten as
X ≈ W H,

(4.2)

where the columns of W are the synergy vectors (SVs) w
~ i and the time series of
activation coefficients ci make up the rows of H. We will refer to the row vectors of
activation coefficients over time as neural commands (NCs), and refer to them with
the symbol ~hTi .
The algorithm most commonly used for finding the elements of W and H that best
approximate X is called non-negative matrix factorization (NNMF), and the details
of its implementation are given in [152]. In short, the NNMF algorithm finds a local
minimum for the non-convex problem of minimizing the root-mean-square residual of
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X − W ·H, while enforcing the constraint that all the elements of W and H are nonnegative. The likelihood of finding a global minimum is greatly increased by running
many replicates of the optimization solver from different randomized starting points
W0 and H0 . The requirement of the data to be non-negative makes it not well suited
to more common methods of factorization, such as principal component analysis.
After factorization, the product of W ·H can be considered a reconstruction of the
original data X, and metrics of comparison between the two can be used to determine
the quality of reconstruction.
After factorization, the matrix of synergy vectors W can also be used to reconstruct a different data matrix Y that also has N rows. The matrix Y can be “reconstructed” from the synergy vectors in W by solving the non-negative least-squares
optimization problem of the form
min
~c

K
X
i=1

2

ci w
~ i − ~y

, where ~c ≥ 0

(4.3)

2

for each column ~y of Y , giving the corresponding column ~c of the neural command
matrix HY . This is equivalent to solving the NNMF for Y with W fixed, and thus
minimizes the root-mean-square residual of Y − W ·HY , given W .
D’Avella et al. have used NNMF to characterize muscle synergies in the human
arm during point-to-point reaching movements [94, 95, 96]. In each of these studies,
the authors collected EMG from at least 16 muscles of the shoulder and elbow, and
found that a small number of synergies could adequately explain the individual muscle
data.
Roh et al. have more recently examined muscle synergies in both healthy subjects
and stroke survivors for a subset of the muscles used by d’Avella et al. during isometric
force generation at the hand. The authors showed that a relatively small number of
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synergies (4) were needed to reconstruct the individual muscle activity at the shoulder
and elbow when generating force in many directions in 3D space from the same hand
position [97]. They also showed that the synergies they identified were consistent
while varying the force magnitude generated by the users, and while varying the
hand position.
The only characterization of muscle synergies involved in controlling the human
wrist known to us was given by Semprini et al., who tested 12 healthy subjects
while interacting with a 3-DoF wrist robot [33]. Given the lack of attention for the
articulation of the wrist, one of the contributions of the present work is to augment
our understanding of the role muscle synergies may play in controlling the elbow and
wrist joints.
To address our first research question, we will identify possible muscle synergies
underlying single-degree-of-freedom movements of the wrist – as in [33] – and the
elbow, which are the joints actuated by our robotic exoskeleton, the MAHI Exo-II.

4.1.2

Alteration of Muscle Synergies and Impairment

There are an increasing number of studies showing that natural, healthy human movement can be characterized by the presence of certain muscle synergies [32, 90], and
that the alteration of these synergies indicates a disruption, perhaps from neurological
impairment, in natural movement.
Pirondini et al. [153] compared muscle synergies extracted from point-to-point
arm reaching movements while moving freely vs moving inside the Arm Light Exoskeleton with different modes of assistance. Chiavenna et al. [154] ran a similar
study with the LIGHTarm exoskeleton, using more functional movements of the arm
resembling activities of daily living, comparing muscle synergies extracted outside of
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the exoskeleton with inside of the exoskeleton with and without gravity compensation.
Another similar investigation into the affect of robotic arm weight support on muscle
synergy patterns in the upper limb can be found in [155]. All groups assert their
results indicate that the shape of the muscle synergy vectors was preserved across
conditions (both in and out of the robot), while it is the activations of the synergies
that were changed.
When using the MAHI Exo-II, the most common form of training that patients
undergo is repetitive single-DoF movements, with varying levels of assistance or resistance in the targeted, moving degree of freedom. For the other three stationary
degrees of freedom of the robot, the current control strategy is to provide virtual
constraints on the user to hold the robot at a neutral joint position. When making a
single-DoF movement freely, outside of the robot, a user must user their muscles to
carry the limb through the range of motion of the selected degree of freedom, but the
user must also use their muscles to stabilize all other degrees of freedom.
To address our second research question, we will identify muscle synergies from
movements in a single degree of freedom under two conditions: unconstrained (U) –
stationary degrees of freedom stabilized by the human, and constrained (C) – stationary degrees of freedom stabilized by the robot. How each degree of freedom is
handled under the two conditions is specified in Table 4.1.

4.1.3

Methodological Considerations for MSA

It has been clearly demonstrated by Banks et al. [156] that methodological choices
abound when carrying out muscle synergy analysis, and that these choices can have
a significant affect on the results and conclusions drawn from a particular analysis.
While studying muscle activity in the lower limbs during locomotion, Banks et al.
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Table 4.1 : Robot Control Modes: M = Moving DoF, H = Human Stabilized Stationary DoF, R = Robot Stabilized Stationary DoF
Mode

Moving DoF

E-Flx/Ext

F-Pro/Sup

W-Flx/Ext

W-Rad/Uln

E-Flx/Ext

M

H

H

H

F-Pro/Sup

H

M

H

H

W-Flx/Ext

H

H

M

H

W-Rad/Uln

H

H

H

M

E-Flx/Ext

M

R

R

R

F-Pro/Sup

R

M

R

R

W-Flx/Ext

R

R

M

R

W-Rad/Uln

R

R

R

M

Uncstr

Cstr

compared, among other things, the estimation of muscle synergies from individual
trials versus the estimation of synergies from all trials simultaneously as one concatenated data matrix. They found the distinction to have a profound influence
on their ability to differentiate physiologically different groups of patients following
stroke [156]. Since we have recorded repeated trials of every movement in our data
set, we would like to focus on how different approaches to using the information in
repeated trials affects the outcomes of muscle synergy analysis.
Recordings of EMG under different conditions and for different trials are often
pooled together before muscle synergy analysis, as the purpose of the analysis is often
to explain variation in muscle activity across a different tasks through variations in
low-dimensional synergy activations. In contrast, d’Avella et al. argue that averaging
EMG recordings from repeated trials is necessary to boost the signal-to-noise ratio of
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the EMG signal, which is stochastic in nature [96]. They simultaneously acknowledge,
however, that averaging repeated trials also obscures information about any muscle
activity that is correcting for the random physiological variations that are known to
occur in human motor control.
The question of how to combine repeated trials from walking for muscle synergy
analysis was examined more directly by Oliveira et al. [157], who compared three
approaches: factorization of the trials individually (SNG), concatenated (CNC), and
averaged (AVG). Using synergy vectors identified from the three methods, they found
that SVs from concatenation (CNC) were able to reconstruct longer periods of muscle
activity with the highest accuracy. In particular, they recommend concatenating at
least 20 step cycles to accurately capture the variation of individual muscle activities.
Our approach will be to use the concatenated (CNC), averaged (AVG), and individual trial (SNG) methods of factorization, as well as a bootstrapping technique
(BTS), to see if the choice of method has an affect on our results for the previous
two research questions. In summary, to address our third research question, we will
specifically look at the issue presented by recording EMG from repeated trials of the
same movement, and how different approaches to using the information in repeated
trials affects the outcomes of muscle synergy analysis.

4.2
4.2.1

Methods
Case Study Design

For a single subject, we designed a study to compare muscle synergies identified under
two control modes: unconstrained (U) in the stationary DoFs, and constrained (C)
in the stationary DoFs. For each of the two modes, we collected sufficient data to
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Figure 4.2 : Illustration of the entire data set that was recorded during this case
study.

identify muscle synergies underlying the 4 single-DoF movements of the MAHI ExoII: elbow flexion/extension (E-Flx/Ext), forearm pronation/supination (F-Pro/Sup),
wrist flexion/extension (W-Flx/Ext), and wrist radial/ulnar deviation (W-Rad/Uln).
For each degree of freedom, the participant moved from a neutral joint position to
a target position at either end of the range of motion, and then back to the neutral
position. In this way, they were duplicating typical movements that would occur inside
the exoskeleton during a training session with a physical therapist. This combination
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of an outbound (OB) and inbound (IB) movement was repeated 25 times for each of
the 2 possible targets, for each degree of freedom. The result was 400 trials in the
unconstrained mode to be compared with 400 trials in the constrained mode.

4.2.2

Hardware

Figure 4.3 : The MAHI Exo-II rehabilitation exoskeleton, capable of providing independent joint torques for four anatomical degrees of freedom. This user’s arm is
fitted with surface EMG electrodes at eight locations covering muscles that control
the elbow and wrist.

The MAHI Exo-II, shown in Figure 4.3, is a robotic exoskeleton designed for
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the rehabilitation of the elbow and wrist joints [142]. It features serially connected
joints for elbow flexion/extension (E-Flx/Ext) and forearm pronation/supination (FPro/Sup), and a parallel revolute-prismatic-spherical mechanism that achieves wrist
flexion/extension (W-Flx/Ext) and wrist radial/ulnar deviation (W-Rad/Uln).
In all phases of the experiment, the robot was position-controlled with proportional derivative feedback. When robot motion was required, the robot followed a
pre-programmed reference trajectory.
The Delsys Bagnoli EMG system provides eight channels of surface EMG data.
The variable gain for the channel amplification was set to 1000. All robot and EMG
data was acquired with the Quanser Q8-USB, sampled at 1 kHz, and band-pass filtered
at 20 Hz–450 Hz.

4.2.3

Experimental protocol

Setup
The Delsys Bagnoli EMG electrodes were placed according to SENIAM guidelines
[143], described in Chapter 3 Table, and depicted in Figure. Neoprene wrapping
was used to insulate the EMG electrodes from the metal of the exoskeleton and
the electrical interference from the motors (the neoprene wrapping is not shown in
Figure).
The height and shoulder abduction angle of the MAHI-Exo II were adjusted so
the subject could hold their arm in a natural position with the elbow flexed while
seated. The position of the chair relative to the exoskeleton was adjusted to keep both
shoulders at equal heights and to keep the shoulder in the scapular plane (∼30◦ from
the frontal plane). Subjects were instructed not to move their torsos or shoulders
during testing but restraints were not used to enforce this. The wrist handle location
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Figure 4.4 : Approximate locations for each EMG electrode labeled by muscle. Muscles that contribute primarily to Elbow-Flx/Ext are marked in blue, Forearm-Pro/Sup
in red, Wrist-Flx/Ext in green, and Wrist-Rad/Uln in purple. The right portion of
the figure shows examples of filtered EMG waveforms during voluntary contraction.

was positioned to provide a maximum range of motion while the subject held it in a
natural grip.
The MAHI Exo-II is equipped with an adjustable counterweight for passive gravity
compensation of the elbow joint. The elbow was set so that the subject was able to
be at rest while their elbow was flexed 90◦ , which was defined to be the neutral elbow
position. The exoskeleton can be configured for left and right handed individuals,
so the dominant arm was used for the able-bodied group, and the more impaired
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arm was used for the SCI group. Once inside the exoskeleton, the participant was
strapped to the robot at the upper forearm and the hand.

Data Collection
The subjects were guided by a graphical user interface displaced on a computer monitor. Once a degree of freedom was selected, the subject saw their joint position in that
DoF mapped to either horizontal (F-Pro/Sup and W-Flx/Ext) or vertical (E-Flx/Ext
and W-Rad/Uln) movement of a cursor on the screen. The neutral position and two
targets were shown as fixed graphics on the screen, and the user’s next goal position
was visually indicated to them with intuitive arrows and changes in brightness.
All of the movements needed a DoF were recorded in a individual block, so, in
total, the user progressed through 4 blocks of 100 trials. For each block, the 25
repetitions of each target were presented in a randomly shuffled order. We say that
there were 25 repetitions of each target in a block because we are considering each
repetition to include an outbound trial to the target and an inbound trial back to
neutral.

4.2.4

Kinematic Data Processing

During an experimental session, robot encoders measured joint angles while EMG
electrodes recorded activity on all 8 selected muscles. A real example of the data
generated over a short window containing several trials is given in Figure 4.5.
The first step of our data analysis was to segment the data into individual trials
based on the joint velocity at the moving joint. A 4th-order low-pass Butterworth
filter with a cutoff frequency of 30 Hz was first applied to the velocity signal, as can
be seen in Figure 4.5. Then, a fixed velocity threshold of 0.01 rad/s was used to mark
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Figure 4.5 : Example of experimental data generated as a subject performs elbow
flexion-extension inside the robot. The elbow joint angular position and velocity are
plotted on the left, and the EMG activity for all 8 electrodes during that same time
is shown on the right. Elbow flexion is defined as the positive direction, and elbow
horizontal is defined as the 0 rad position, so the movements depicted are: outbound
elbow flexion (OB E-Flx), inbound elbow extension (IB E-Ext), outbound elbow
extension (OB E-Ext), and inbound elbow flexion (IB E-Flx).

the beginning and end of a movement. Rohrer et al. [158] used a velocity threshold
of 2 % of the peak speed of a given trial, but we chose a fixed value to avoid any
sensitivity to variation in velocity peak magnitude from trial to trial. The selected
threshold of 0.01 rad/s was typically around 0.5 %–1 % of the peak velocity of a trial.
Finally, for each trial, we identified the contiguous segment of movement above the
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velocity threshold with the largest velocity integral—which was also moving in the
correct direction–as the motion segment to be analyzed.
Next, we screened for movements that were not kinematically similar to the rest,
since we wanted to characterize repeatable patterns of EMG activity. Shapes of velocity profiles were compared to a typical “bell curve”, or “minimum jerk trajectory”,
using quantitative metrics. Highly skewed segments were trimmed so that they were
better aligned with more symmetric segments, and trials that did not pass all shapeand magnitude-based criteria were removed from the data set. The remaining trials
were grouped based on all factors (mode, DoF, target, direction) and then checked
for outliers in both normalized position and non-normalized velocity. Any outliers
were also removed from the data set.
Finally, the position trajectories of the stationary DoFs were checked for significant movement. For each trial, if the user moved more than 50% of the distance from
neutral position to target position in an stationary degree of freedom, then that trial
was considered to be a multi-DoF movement, and removed from the data set.
All remaining trials were then counted in their groupings based on the experimental factors. The smallest group was composed of 16 trials (unconstrained mode,
outbound elbow flexion, i.e., going from elbow neutral to elbow flexed). In order to
have an equal number of trials in each group, 16 trials were selected for each group
based on which had the highest variance across the EMG signals.

4.2.5

EMG Signal Processing

All EMG data was acquired at a sampling rate of 1 kHz. After collecting all experimental data, the following signal processing steps were applied to each EMG channel
to convert the raw EMG signal to a non-negative envelope: 4th-order Butterworth
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band-pass filter at 20 Hz–450 Hz, full-wave rectification (absolute value), 4th-order
Butterworth low-pass filter at 8.05 Hz, full-wave rectification (absolute value). Figure 4.5 shows an example of the raw EMG recordings after band-pass filtering in light
gray, with the non-negative EMG envelope overlaid in black. The low-pass filter cutoff
frequency of 8.05 Hz was derived from the estimated average duration of a movement
cycle, using the formula fcutof f = 7/dur. This formula has been used for synergy
analysis of muscles in the lower limb involved in walking [156]. A movement cycle
was defined here as a pair of outbound and inbound movements and was calculated
to be two times the average duration of all movement segments.
The start and end of each trial, as determined from the kinematic data, were
used to segment the EMG envelope after all filtering was applied. The start of each
EMG segment was shifted backward by 200 ms relative to the onset of movement,
due to the physical delay between an EMG signal and the actual joint motion that it
generates [94]. The end of each EMG segment was not shifted in order to capture all
relevant EMG activity.
Normalization of EMG data is generally required for muscle synergy analysis. The
maximum value recorded on each of the 8 channels was found within the 16-trial data
set, and each channel was then divided by this maximum value so that it would reach
a maximum value of 1 within the data set being analyzed. This is equivalent to the
“MaxOver” method of normalization used in [156].
Lastly, the data was resampled in time using linear interpolation to be 101 data
points long at equal spacing. Hence, every trial now contained samples at normalized
discrete times of 0 to 100 [156].
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4.2.6

Synergy Factorization

We have chosen to compare four different methods of factorization of this data set.
All four approaches make use of the MATLAB function nnmf to perform non-negative
matrix factorization, and only differ by the input data given to the function.
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an 8-by-101 matrix Xtrial , illustrated in Figure 4.6. For all four methods, the trials
were first grouped by experimental condition, meaning each group of 16 trials has
the same control mode, degree of freedom, target, and direction (e.g., unconstrained,
outbound elbow flexion, abbreviated U OB E-Flx). This first step has also been
illustrated in Figure 4.6. There are 32 such groups in total, 16 for each control mode.
In all four methods, we wish to end up with SVs and NCs from the unconstrained
and constrained group that can be directly compared, and we want all 16 groups of
same-condition trials to contribute equally to the synergy decomposition.
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Figure 4.7 : Illustration of the formation of the input data used in the first method
of factorization, concatenation (CNC). Refer to Figure 4.6 for visual keys.

The first method of factorization is concatenation (CNC) of all trials (Figure 4.7).
Trials from each condition are horizontally concatenated, resulting in a 8-by-101·16
data matrix. Then, for each control mode, all 16 groups are horizontally concatenated,
resulting in a 8-by-101·256 data matrix. Factorization of a single XCN C for each mode
results in a single set of synergies for the unconstrained mode to be compared to a
single set of synergies for the constrained mode.
AVG
1

2

16

Figure 4.8 : Illustration of the formation of the input data used in the second method
of factorization, averaging (AVG). Refer to Figure 4.6 for visual keys.
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The second method is averaging (AVG) of trials from the same condition (Figure 4.8). The EMG envelopes from each channel are averaged for each group of
trials, resulting in a 8-by-101 data matrix. Then, for each control mode, all 16 groups
are horizontally concatenated, resulting in a 8-by-101·16 data matrix. Again, factorization of a single XAV G for each mode results in a single set of synergies for the
unconstrained mode to be compared to a single set of synergies for the constrained
mode.
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n = 1,2,...,16

Figure 4.9 : Illustration of the formation of the input data used in the third method
of factorization, single trials (SNG). Refer to Figure 4.6 for visual keys.

The third method is repeatedly concatenating single (SNG) trials from each condition, for all 16 trials (Figure 4.9). More specifically, for each group we assign each
trial a number 1 through 16 according to the order in which they were recorded,
and then horizontally concatenate all trials of the same number. This yields 16 data
n
matrices XSN
G of size 8-by-101·16, each containing a single trial from each condin
tion. Each XSN
G is then factored into a set of synergies, meaning there are 16 sets

of synergies for the unconstrained mode to be compared with 16 sets of synergies
for the constrained mode. Grouping trials based on the order in which they were
recorded could be considered a naı̈ve way to sample the repeated trials, given there is
no meaningful relationship between the trials that have been concatenated together
for factorization. However, it is a simple and fast way to generate a distribution of
synergies from data sets with repeated trials, which is sometimes desirable.
The fourth and final method is using bootstrapping (BTS) to resample the trials
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(random re-sampling with replacement)
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Figure 4.10 : Illustration of the formation of the input data used in the fourth method
of factorization, bootstrapping (BTS). Refer to Figure 4.6 for visual keys.

from each condition over many repetitions, and then perform factorization as in the
first method (CNC) with concatenation of all trials (Figure 4.10). Bootstrapping is a
strategy commonly used in statistics to obtain information about the uncertainty of
a parameter, and has been used to resample repeated trials of EMG data for muscle
synergy analysis [159]. The purpose of this method is to obtain an estimate of the
distribution of synergies seen from a population similar to the data sample from this
single subject [160]. When applying the bootstrapping technique, it is important that
the data is always resampled at the same size as the original sample, and that it is
sampled with replacement. This means that for each condition, one of the trials was
randomly chosen 16 times to yield a new set of 16 trials with possible repetitions.
The bootstrapping procedure must be repeated many times for the estimate to
be accurate, so we have chosen to use 100 repetitions. Each repetition yields a data
n
matrix XBT
S of size 8-by-101·256 to be factored into a set of synergies, resulting in
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100 sets of synergies for the unconstrained mode to be compared with 100 sets of
synergies for the constrained mode. Because factorization needs to be performed at
every repetition, the procedure is computationally costly.
All major results will be reported for each of the four methods described, when
appropriate.

Factorization Repeatability
The NNMF algorithm is not guaranteed to find a global minimum in the residual
between W ·H and X [152]; therefore, the algorithm must be repeated a sufficient
number of times with randomized initial conditions in order to calculate a likely
global minimum.
Repeatability of factorization (i.e., the elements of the output matrices W and
H being the same when re-running the NNMF algorithm on the same input matrix
X) seems to strongly depend on the number of synergies requested, with increasing
numbers of synergies yielding more variable results. It is also a function of the data
set size. Counter-intuitively, smaller data sets seem to yield more variable results, so
the parameter settings needed for a single trial size (AVG or SNG) are more stringent
than what is needed for all trials concatenated (CNC or BTS).
Using nnmf function in MATLAB to perform NNMF, the parameter settings listed
in Table 4.2 were necessary to obtain sufficiently repeatable results for this data set.
We used the multiplicative update ‘mult’ version of nnmf instead of alternating leastsquares ‘als’, as is recommended by MATLAB documentation when using multiple
‘replicates’. Values were tuned for XCN C , assuming they would also apply to
n
the XBT
S . Likewise, values were also tuned for XAV G , assuming those values would
n
also to the XSN
G . Some of the parameters given in Table 4.2 could be adjusted
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for better repeatability, but this choice is ultimately a tradeoff between precision
and computation time. It is also noteworthy that MATLAB documentation suggests
that for most optimization problems, setting ‘TolFun’ and ‘TolX’ any smaller than
1 × 10−6 will not have much effect. This was not found to be the case for synergy
factorization, particularly when working with the smaller data set, XAV G .

Table 4.2 : Parameters Used for MATLAB nnmf Function
parameter

MATLAB name

value (CNC)

value (AVG)

algorithm

‘algorithm’

‘mult’

‘mult’

no. of replicates

‘replicates’

30

50

max no. of

‘MaxIter’

2500

5000

‘TolFun’

1 × 10−7

1 × 10−9

‘TolX’

1 × 10−7

1 × 10−9

iterations
residual termination
tolerance
relative change in
weights tolerance

Synergy Normalization, Matching, and Sorting
The mathematical model of how synergies generate muscle activity describes the
observed data as being factored into the product of a matrix of synergy vectors and
a matrix of neural commands, X ≈ W H. Since the objective function in the NNMF
optimization problem only looks at the product of W and H, there is an extra degree

110
of freedom whereby a scalar can be applied to one matrix and its inverse to the
other matrix, yielding the same approximation of X. There is no one correct way
to scale the factorization output and various methods have been tried [156], though
consistency is necessary, of course. We have chosen to normalize the synergy vectors
to have unit magnitude, thus leaving the neural commands to be scaled accordingly
without other constraints. Normalizing SVs to have unit magnitude focuses on the
relative weighting of the specific muscles within a synergy as the most important
characteristic, and then interprets NCs as conveying the level of recruitment of an
individual synergy.
Operating under the hypothesis that synergies represent fixed spatial patterns of
muscle activity in the body, a certain synergy vector should be identifiable from the
factorization output of different data sets. In other terms, it should be possible after
SV normalization to match individual SVs found from different data sets based on
their similarity in “shape”, which can be calculated using some distance metric for
length-N vectors. For vectors of unit magnitude, one of the best choices of distance
metric is the cosine angle—the normalized inner-product of two vectors. Therefore,
SVs to be compared between different conditions (e.g. unconstrained and constrained
modes) were provided to the K-means clustering algorithm to identify individual
clusters (synergies) based on the cosine distance metric. Checks on the clustering
algorithm’s output were added to ensure that for each set of synergies coming from
an individual factorization, one synergy was assigned to each cluster. These checks
were passed in all data analysis, indicating that the synergies were easily differentiated
from each other.
Finally, synergies were sorted by maximum weighted muscle and magnitude (while
preserving matching) for consistency of presentation.
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Data Dimensionality
The dimensionality of a data set is used in this context to refer to the minimum
number of independent variables—synergies—needed to accurately reconstruct the
original data. The 8-channel EMG data that we collected can be factored into any
number of synergies between 1 and 8, 8 being the smaller dimension of the data
matrix X. Using 8 synergies is meaningless and unnecessary, because the synergy
vector matrix W will be found to be the identity matrix, and the neural command
matrix H will simply be the original data. Therefore, practically, we can validly factor
any of our EMG data sets into 1 to 7 synergies.
In order to choose the optimal and parsimonious number of synergies, we examined metrics for the quality of reconstruction at each number of synergies. The
dimensionality of the data was then estimated to be the minimum number of synergies that met our criteria for goodness of reconstruction. To avoid over-fitting, the
data was split into “training” and “testing” subsets when estimating the number of
synergies needed—a technique known as cross validation [161].
Computation time was drastically reduced by only testing the dimensionality of
n
n
XCN C and XAV G and assuming that those results applied to all XBT
S and XSN G ,

respectively, as was the case for testing factorization repeatability. It is assumed that
n
XCN C is comparable to XBT
S due to their identical size and similar construction (16

trials from each of the 16 conditions concatenated). It is also assumed that XAV G is
n
comparable to XSN
G due to their identical size and similar construction (1 trial from

each of the 16 conditions concatenated, with the 1 trial in the XAV G case presumably
having a similar shape to the 16 individual trials). Each data set was randomly split
into a training set and a testing set, with 50 % of the data used for training (8 out
of 16 trials) and the remaining 50 % used for testing. Factorization was then applied
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to the training data, and the resulting synergy vectors were used to reconstruct both
training and testing data.
The process of randomly splitting and factoring the data was repeated 100 times,
as in [97], with checks to ensure no permutations were repeated. Data was split at
the level of each condition, so that the resulting training and testing data sets still
had an equal number of trials drawn from each condition.
After each factorization, we compute the quality of reconstruction of the original
data using the Variance Accounted For (VAF), which has the simple formula
2
P 
i,j Xi,j − (W H)i,j
SSE
P
=1−
global VAF = 1 −
,
2
SST
i,j Xi,j

(4.4)

where i and j are row and column indices, SSE is the sum of squares due to error,
and SST is the total sum of squares [162]. VAF has become a commonly used metric
for muscle synergy analysis [28,163]; this statistic is generally more stringent than the
Pearson’s correlation coefficient (r-squared), because it measures similarity in both
the shape and magnitude of the signals [28]. Ranging from 0 to 1, with 1 meaning
equivalence, the VAF is useful in that it captures the reconstruction quality for all
EMG channels with a single value, which we will refer to as the global VAF.
The VAF can also be computed for a single EMG channel, providing what we will
refer to as a muscle-specific VAF value for each channel:
2
P 
X
−
(W
H)
m,j
j
m,j
SSEm
P 2
muscle VAF = 1 −
=1−
, for m = 1, ..., N
SSTm
j Xm,j

(4.5)

Checking muscle-specific VAF values in addition to the global VAF value is often
recommended for determining the number of synergies needed for a data set [163], as
it ensures a uniformly good fit to the data coming from all muscles.
When the values of the global and muscle-specific VAF for a certain data set are
plotted versus the number of synergies used in the factorization to calculate them, all
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VAF values tend to approach 1 as the number of synergies nears the number of EMG
channels, num8—at which point all values must equal 1. The optimal number of
synergies can be chosen either by checking that all values of VAF have crossed above
certain thresholds [151, 155, 156], or by looking at the shape of the VAF curve to find
a point of critical curvature [96, 161]. We have chosen the threshold approach, with
the added criterion that the EMG signal from each channel also be above a certain
threshold of variance, to ensure that we are not trying to reconstruct a channel with
a very low signal-to-noise ratio.

4.2.7

Synergy Comparison: Unconstrained vs Constrained

The cosine similarity metric comparing two vectors, which was used in the synergy
vector matching algorithm, was also used to compare synergy vectors between the
unconstrained and constrained modes. A similarity of 1 indicates that the vectors
are identical, and a similarity of 0 means the vectors are orthogonal. The calculation
of this metric is very intuitive, although the value of similarity can be heavily biased
depending on the vector length such that most vectors look fairly similar. Cosine
similarity was calculated between synergies from the unconstrained and constrained
modes for each method of factorization.
Possibly a more informative metric of similarity is what we will call the crossreconstruction VAF (XVAF). This is based on the variance accounted for (VAF)
measurement used to estimate data dimensionality, i.e. number of synergies. The
difference being that where VAF measures the ability of SVs calculated from hypothetical data set A to reconstruct the data set A, XVAF measures instead the ability
of SVs calculated from hypothetical data set A to reconstruct a different data set
B. This method, used by d’Avella et al. [94], is a robust indicator of similarity in
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the underlying synergies of two data sets. Therefore, the XVAF has been calculated
between the unconstrained and constrained modes for each method of factorization.

4.3

Results and Discussion

4.3.1

Kinematics
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Figure 4.11 : Active (moving) DoF position 4.11a and velocity 4.11b trajectories,
normalized by the signed distance from neutral to target for each movement and
plotted against normalized time. Trials that failed any of the kinematic screening
criteria and were removed from the data set are colored in black. Trials from the
unconstrained mode are in blue (top), and those from the constrained mode are in
orange (bottom).
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The algorithm described in Section 4.2 for screening out kinematically abnormal
trials was applied to both the position signals and the velocity signals for the moving
DoFs. Criteria were checked on the normalized position (for shape), and the unnormalized velocity (for shape and magnitude). The plots in Figure 4.11 show all
position and velocity traces normalized by the signed distance from neutral to target
for each movement so they can be visualized together. Trials from the unconstrained
mode are in blue (top); trials from the constrained mode are in orange (bottom); and
trials that were removed from the data set because they did not pass all criteria are
in black. It is visually apparent that the removed trials in black differ kinematically
from the rest of the group.
The mean trajectories of normalized position and velocity are shown in Figure 4.12
and Figure 4.13, respectively. They have once again been grouped as trials from the
unconstrained mode and trials from the constrained mode, so that the kinematic
differences between the groups could be visually inspected. For normalized position,
there is almost no notable difference between the plots before and after screening,
while for the normalized velocity there is a visible decrease in the variances of the
signals after screening, for both groups. Visually comparing the means and standard
deviations of the unconstrained trials to the constrained trials, they are qualitatively
very similar.
A different algorithm for screening out kinematically abnormal trials was applied
to the position signals for the stationary DoFs, which is described in Section 4.2. Any
trials where movement in one of the stationary DoFs exceeded 50% of its range while
moving was removed from the data set. Normalized stationary DoF displacements
are plotted against the simultaneous moving DoF movements (also normalized) in
Figure 4.14a. As expected, none of the constrained trials were screened out.
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Figure 4.12 : Effects of kinematic screening on active (moving) DoF normalized
positions, shown as means ± standard deviation of the unconstrained group (top) and
constrained group (bottom), before 4.12a and after 4.12b screening, plotted against
normalized time.

Histograms of all the normalized stationary DoF positions are shown in Figure 4.14b. Note that while in constrained mode, the elbow joint position was allowed
to be where the user was most comfortable and then locked in that position, accounting for the single peak between 0.5 and 1 in the histogram of constrained stationary
DoF position.
A count of the trials that passed kinematic criteria applied to moving DoFs is
listed in Table 4.3, where the counts are given for each movement type, for which there
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Figure 4.13 : Effects of kinematic screening on active (moving) DoF normalized
velocities, shown as means ± standard deviation of the unconstrained group (top) and
constrained group (bottom), before 4.13a and after 4.13b screening, plotted against
normalized time.

were 25 trials recorded. The same information is listed for the results of applying the
kinematic criteria to stationary DoFs in Table 4.4.
The count of trials that passed kinematic criteria for both moving and stationary DoFs is listed in Table 4.5. The smallest value is 16, and corresponds to the
unconstrained mode, outbound elbow flexion (from elbow neutral to elbow flexed)
trials. Because we want equal numbers of trials for every type of movement in our
analysis, trials with the lowest variance were dropped from each condition until 16
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Figure 4.14 : Inactive DoF kinematic screening. 4.14a For each inactive (stationary)
DoF, the amount of displacement relative to the starting position was normalized by
the unsigned distance from neutral position to target for that DoF (neutral and target
positions are defined for when it is moving). Inactive (stationary) Dof trajectories
were plotted against the simultaneous active (moving) DoF position trajectories, normalized by the signed distance from neutral to target position for that DoF. Trials
from the unconstrained mode are in blue (top), and those from the constrained mode
are in orange (bottom). Trials that pass outside of the ± 0.5 range are in black.
4.14b Histograms of inactive (stationary) DoF positions (not zeroed) normalized as
in 4.14a.

remained. All of the results moving forward pertain to the 16-by-16-by-2 set of trials
that remained after this step.
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Table 4.3 : Count of Trials Passing Kinematic Screening for Moving DoF (out of 25)
Outbound

Inbound

Outbound

Inbound

(Flx, Pro,

(Flx, Pro,

(Ext, Sup,

(Ext, Sup,

Flx, Rad)

Flx, Rad)

Ext, Uln)

Ext, Uln)

Sum

E-Flx/Ext

19

25

24

24

92

F-Pro/Sup

21

25

25

21

92

W-Flx/Ext

22

24

24

22

92

W-Rad/Uln

17

22

24

23

86

E-Flx/Ext

22

23

24

25

94

F-Pro/Sup

24

24

24

24

96

W-Flx/Ext

23

23

25

23

94

W-Rad/Uln

23

23

24

23

93

Uncstr

Cstr

Table 4.4 : Count of Trials Passing Kinematic Screening for Stationary DoF (out of
25)
Outbound

Inbound

Outbound

Inbound

(Flx, Pro

(Flx, Pro

(Ext, Sup

(Ext, Sup

Flx, Rad)

Flx, Rad)

Ext, Uln)

Ext, Uln)

Sum

E-Flx/Ext

22

21

24

24

91

F-Pro/Sup

22

25

24

25

96

W-Flx/Ext

25

25

25

25

100

W-Rad/Uln

25

25

25

25

100

E-Flx/Ext

25

25

25

25

100

F-Pro/Sup

25

25

25

25

100

W-Flx/Ext

25

25

25

25

100

W-Rad/Uln

25

25

25

25

100

Uncstr

Cstr

4.3.2

Normalized EMG

The normalized EMG envelopes of all trials, concatenated into groups by experimental conditions, are shown for the unconstrained mode in Figure 4.15 and for the
constrained mode in Figure 4.16.
Visually comparing the data between the two modes of constraint, there is a high
degree of similarity in the patterns, except for in a few specific locations. Significant
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Table 4.5 : Count of Trials Passing All Kinematic Screening (out of 25)
Outbound

Inbound

Outbound

Inbound

(Flx, Pro,

(Flx, Pro,

(Ext, Sup,

(Ext, Sup,

Flx, Rad)

Flx, Rad)

Ext, Uln)

Ext, Uln)

Sum

E-Flx/Ext

16

21

23

23

83

F-Pro/Sup

21

25

24

21

91

W-Flx/Ext

22

24

24

22

92

W-Rad/Uln

17

22

24

23

86

E-Flx/Ext

22

23

24

25

94

F-Pro/Sup

24

24

24

24

96

W-Flx/Ext

23

23

25

23

94

W-Rad/Uln

23

23

24

23

93

Uncstr

Cstr

BB activity that is present in the unconstrained data during F-Pro/Sup movements
is missing in the constrained data, most likely due to the sharing of arm we support
between the robot and human in constrained mode. FCR activity is noticeably larger
during W-Flx movements for the unconstrained data. Lastly, activity of the muscles
primarily associated with the wrist (FCR, ECU, ECRL, and FCU) during E-Flx/Ext
and F-Pro/Sup movements is generally larger for the constrained data, possibly due
to the subject working against the robot constraints at the wrist while making these
more proximal arm movements that involve more arm-robot inertia.

4.3.3

Data Dimensionality

After cross-validation, the mean of the global VAF curve for the unconstrained data
set crosses the chosen threshold of 90 % at 3 synergies, while the mean of the global
VAF curve for the constrained data set crosses 90 % at 4 synergies, Figure 4.17.
Standard deviations for global VAF were small enough to not have an impact on
these threshold crossings.
For the muscle-specific VAF curves, larger standard deviations were observed in
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Figure 4.15 : Concatenated normalized EMG, unconstrained mode

the cross-validation results at 4, 5, and 6 synergies specifically, indicating that these
calculations were sensitive to the subset of trials that were used for training versus
testing. The chosen threshold for muscle-specific VAF was 80 %. Using the abbreviations U and C for unconstrained and constrained data sets, the threshold was
crossed by the means of the VAF curves at the following numbers of synergies: 1
syn (U-BB, U-ECRL, C-ECRL), 2 syn (C-PT, C-FCR), 3 syn (C-BB, U-PT, C-S,
U-FCR), 4 syn (U-S), 5 syn (U-FCU, C-FCU), 6 syn (U-TB, C-TB). The ECU chan-
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Figure 4.16 : Concatenated normalized EMG, constrained mode

nel was not considered because the signal variance was too low to be appropriate for
reconstruction.
Because the number of synergies that passes all global and muscle-specific VAF
thresholds is directly affected by the inclusion of the FCU and TB channels in the
analysis, 4, 5, and 6 synergies were ultimately chosen for comparison.
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Figure 4.17 : Global variance accounted for (VAF) as a measure of the quality of
reconstruction by synergies of the unconstrained and constrained data sets, using cross
validation. Plotted as a function of the number of synergies used in the factorization.
Mean (squares) and standard deviation (error bars) from the 100-fold cross validation
are plotted at each number of synergies, though in this standard deviations are too
small to be visible.

4.3.4

Synergy Factorization

Factorization of the concatenated (CNC) data into 4 synergies (Figure 4.19), 5 synergies (Figure 4.20), and 6 synergies (Figure 4.21) reveals a high degree of similarity
between the unconstrained and constrained modes. These factorization results can
be compared with the averaged (AVG) data in Figure 4.22, Figure 4.23, and Figure 4.24, the single trial (SNG) data in Figure 4.25, Figure 4.26, and Figure 4.27, and
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finally the bootstrapping (BTS) data in Figure 4.28, Figure 4.29, and Figure 4.30.
Trends in synergy vector composition are surprisingly similar across the four methods
of factorization, allowing us to speak about them generally.
Synergies seem to mostly map to a single muscle channel, indicating that for this
group of muscles performing this particular set of tasks, the muscles may be largely
independently controlled. Additionally, the small effect of constraining the stationary
degrees of freedom, which is similar to reducing the number of DoFs in the task space,
is evidence weighing against the idea that biomechanical task constraints are solely
responsible for the shape of muscle synergies.
When looking at the factorization into 4 synergies, the first synergy is responsible
for the activation of BB (biceps brachii, elbow flexion), the second synergy is mainly
responsible for the activation of PT (pronator teres, forearm pronation) and FCR
(flexor carpi radialis, wrist flexion), the third synergy is mainly responsible for the
activation of S (supinator, forearm supination) and ECU (extensor carpi ulnaris, wrist
etension), and the fourth synergy is responsible for the activation of ECRL (extensor
carpi radialis longus, wrist radial deviation). Thus, the first synergy is associated
purely with elbow flexion, and the remaining three synergies are blended in their
contributions to the movements of the wrist, but with clear preference for direction.
When looking at the factorization into 5 synergies, the main difference from 4
synergies is the splitting of the forearm-pronation/wrist-flexion synergy into the new
second and fourth synergies. For this set of 5, the first synergy still controls elbow
flexion, the second synergy is now mostly responsible for the activation of PT, the
third synergy is still responsible for S and ECU, the fourth synergy is now mainly
responsible for the activation of TB (triceps brachii, elbow extension), FCR, and FCU
(flexor carpi ulnaris, wrist ulnar deviation), and the fifth synergy is now responsible
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for ECRL. Notably, there is now a single muscle, FCR, that makes a significant
contribution to two different synergies, unlike in the 4-synergy factorization. When
looking at the synergies of unconstrained vs constrained modes, the FCR contributes
mostly to the second synergy in the constrained case, and it contributes mostly to
the fourth synergy in the unconstrained case.
Finally, looking at the factorization into 6 synergies, the main significant difference
from 5 synergies is the addition of a new synergy (the second one) to control elbow
extension. The remaining synergies are nearly identical to those found when factoring
with 5 synergies. The plot of data reconstruction makes clear that this new elbow
extension synergy reconstructs the small segment of TB data present during the elbow
extension movement. Elsewhere, TB has little to no activation, and thus this synergy
gives a relatively small increase in VAF.

4.4

Conclusions

In this chapter, we explored the identification of synchronous muscle synergies in the
muscles controlling the elbow and wrist, and the possible effects of robot-imposed
task constraints on the neural constrains represented by synergy patterns.
We can identify a set of 4, 5, or 6 synergies that is required to reconstruct the
muscle activity from our 4-DoF experimental tasks, depending on how the data is
interpreted. However, the degree to which these synergies seem to map to a single
muscle channel indicates that for this group of muscles performing this particular set
of tasks, they may be largely independently controlled. This result is found in both the
unconstrained control mode and the constrained control mode, and the composition of
the synergies between the two constraint conditions is very similar. All of these main
results also hold across the four different methods of factorization used: CNC, SNG,
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AVG, BTS; meaning that the choice of method is not consequential for identifying the
number of synergies or the basic synergy composition. Most importantly, our results
provide evidence that constraining the unused degrees of freedom during a single-DoF
movement inside the exoskeleton have relatively small effect on the underlying muscle
synergies in the task.
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Figure 4.18 : Muscle-specific variance accounted for (VAF) as a measure of the quality of reconstruction by synergies of the unconstrained and constrained data sets,
using cross validation. Plotted as a function of the number of synergies used in the
factorization, with the muscle labels listed in the y-axes labels. Mean (squares) and
standard deviation (error bars) from the 100-fold cross validation are plotted at each
number of synergies.
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Figure 4.19 : CNC factorization of unconstrained and constrained data into 4 synergies, and reconstruction of the original

128

Unconstr.
Constr.

FC

U

EC

R

L

EC

U

FC

R

S

PT

TB

BB

syn 1

syn 2

syn 3

syn 4

syn 5

Neural commands show ± SD across trials.

commands and reconstruction have been averaged across trials from the same condition for more compact visual representation.

data. From left to right: synergy vectors, neural commands, unconstrained reconstruction, constrained reconstruction. Neural

Figure 4.20 : CNC factorization of unconstrained and constrained data into 5 synergies, and reconstruction of the original
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Figure 4.21 : CNC factorization of unconstrained and constrained data into 6 synergies, and reconstruction of the original

130

Unconstr.
Constr.

FC

U

syn 1

syn 2

syn 3

syn 4

syn 1
syn 2
syn 3
syn 4

EC

R

L

EC

U

FC

R

S

PT

TB

BB

yields a single set of synergies, this visually represents all output data.

From left to right: synergy vectors, neural commands, unconstrained reconstruction, constrained reconstruction. Since AVG

Figure 4.22 : AVG factorization of unconstrained and constrained data into 4 synergies, and reconstruction of the original data.
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Figure 4.23 : AVG factorization of unconstrained and constrained data into 5 synergies, and reconstruction of the original data.
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Figure 4.24 : AVG factorization of unconstrained and constrained data into 6 synergies, and reconstruction of the original data.
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Figure 4.25 : SNG factorization of unconstrained and constrained data into 4 synergies, and reconstruction of the original data.
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Figure 4.26 : SNG factorization of unconstrained and constrained data into 5 synergies, and reconstruction of the original data.
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Figure 4.27 : SNG factorization of unconstrained and constrained data into 6 synergies, and reconstruction of the original data.
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Figure 4.28 : BTS factorization of unconstrained and constrained data into 4 synergies, and reconstruction of the original data.
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Figure 4.29 : BTS factorization of unconstrained and constrained data into 5 synergies, and reconstruction of the original data.
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Figure 4.30 : BTS factorization of unconstrained and constrained data into 6 synergies, and reconstruction of the original data.
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Chapter 5
Conclusions
In this thesis we focused on two main aspects of integrating electromyography with
rehabilitation robotics: detecting human intention from measured muscle activity and
assessing human motor coordination through synchronous muscle activations known
as muscle synergies. In Chapter 2, we reviewed the literature on all types of intent
detection involving physical human-robot interaction, placing this work in the larger
context of shared control for pHRI. In Chapter 3, the design of a myoelectric control
interface for an upper-limb exoskeleton was presented and evaluated with able-bodied
individuals and individuals with incomplete cervical SCI. The system was able to
classify intended movement direction with a high degree of accuracy for able-bodied
users across single and multi-DoF control modes, while the classification performance
was more variable with SCI users, but still achieved high enough accuracy that it
shows promise for EMG-control with the SCI population, particularly with simpler
single-DoF training tasks. Finally, in Chapter 4, we explored the identification of
synchronous muscle synergies in the muscles controlling the elbow and wrist, and the
possible effects of robot-imposed task constraints on the neural constrains represented
by synergy patterns. Our results indicate that constraining the unused degrees of
freedom during a single-DoF movement inside the exoskeleton have relatively small
effect on the underlying muscle synergies in the task.
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Appendix A
Modeling the MAHI Exo-II
A.1

Introduction

The MAHI Exo-II, shown in Figure A.1, is a robotic exoskeleton designed for the rehabilitation of the elbow and wrist joints. It features serially connected joints for elbow
flexion/extension (E-Flx/Ext) and forearm pronation/supination (F-Pro/Sup), and a
parallel revolute-prismatic-spherical mechanism that achieves wrist flexion/extension
(W-Flx/Ext) and wrist radial/ulnar deviation (W-Rad/Uln).

Figure A.1 : MAHI Exo-II as worn by a user.

Several iterations of wrist exoskeleton design preceded the MAHI Exo-II. The
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original MAHI exoskeleton design was presented by Gupta and O’Malley [56], along
with thorough discussion of the specific design considerations for the device. It is
composed of a revolute joint at the forearm for pronation and supination, and a
3-RPS (revolute-prismatic-spherical) serial-in-parallel wrist. The device was then
redesigned [164] to address limitations of the original version, and this new design
was called the RiceWrist. Details of the design, kinematics, and task space control of
the wrist platform, which corresponds to anatomical joint space control of the human
wrist, can be found in [57].
The most current design iteration by Pehlivan et al. [58] includes another serial
revolute joint at the base of the RiceWrist aligned with the elbow. French et al.
performed a series of system identification tasks characterizing the MAHI Exo-II [5],
some results of which are listed in Tables A.1,A.2, and A.3. (Range of motion is
abbreviated as ROM. Bandwidth is abbreviated as BW.)
The MAHI Exo-II is equipped with high-resolution optical encoders at each of the
motors, from which we can extract position and velocity of all degrees of freedom.
Commanded currents to the actuators can also be used to estimate the torque delivered to the human joints by the robot, though static friction in the robot joints and
misalignment between the human and exoskeleton can be significant sources of error
in this estimate.
The height and shoulder abduction angle of the MAHI-Exo II can be adjusted and
locked to keep both shoulders at equal heights and to keep the shoulder of the user’s
active arm in the scapular plane (30◦ from the frontal plane) for maximal comfort.
The wrist handle location can be positioned and locked to provide a maximum range
of motion while the user holds it in a natural grip. The MAHI Exo-II is also equipped
with an adjustable counterweight for passive gravity compensation of the elbow joint.
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The exoskeleton can easily be configured for use with the left or right arm, and the user
can be strapped into padded cuffs at the upper forearm and upper arm. All of these
passive joints can be considered additional degrees of freedom of the robot, which
can be useful to define within the kinematic model—especially when considering a
connected skeletal model, as in OpenSim.
Table A.1 : MAHI Exo-II ROM and Torque Output [5]
Joint

ROM

Torque

(deg)

(N m)

E-Flx/Ext

90

7.35

F-Pro/Sup

180

2.75

W-Flx/Ext

65

1.45

W-Rad/Uln

63

1.45

Table A.2 : MAHI Exo-II Dynamic Model Parameter Estimation [5]
Joint

Static Friction

Inertia

Viscous Friction

(N m)

(kg m2 )

(N M s/rad)

E-Flx/Ext

0.9491

0.2713

0.1215

F-Pro/Sup

0.139

0.0257

0.0167

W-Flx/Ext

0.109

0.002

0.0283

W-Rad/Uln

0.112

0.0033

0.0225
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Table A.3 : MAHI Exo-II Closed-loop Control [5]
Joint

Pos. BW
(Hz)

A.2

E-Flx/Ext

2.8

F-Pro/Sup

4.2

W-Flx/Ext

13.3

W-Rad/Uln

10.6

Kinematics

The MAHI Exo-II can be conveniently divided into its proximal, rotary degrees of
freedom (DoFs), aligned with the elbow and forearm, and its distal degrees of freedom articulating the writs. The proximal joints are in a serial RR configuration,
while the distal joints compose the revolute-prismatic-serial (RPS) mechanism with
3 independent DoFs.
The kinematics presented here do not strictly follow the Denavit-Hartenburg (DH)
convention but instead focus on compatibility with kinematic descriptions used in
certain software (e.g. OpenSim), compactness of representation, and handling the
complexity of the RPS parallel mechanism. See Table A.4 and Table A.5 for a list of
the values used for the kinematic parameters described in this section.
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A.2.1

Proximal Serial Joints

The following transformation matrices determine the kinematics of the proximal part
of the MAHI Exo-II, Figure A.2. The kinematic chain they describe is all serially
connected.

Figure A.2 : Coordinate frames and parameters shown from the world frame to the
forearm.

The first transformation matrix, 01 T , shows the placement of the MAHI Exo-II,
where q2 and q3 are the robot base x and z locations respectively, and q1 is the rotation
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about the y axis. This places the origin of this coordinate frame at the bottom of
the robot support structure, relative to some world Frame 0 that can be thought of
as being attached to the user, their seat, or any other reference point.


c1 0 −s1 c1 q2 + s1 q3



0 1

0
T
=

1

s1 0

0 0

0
c1
0





−a0 



c1 q 3 − s 1 q 2 

1

The second transformation matrix, 12 T , represents the vertical translation of the
slide on the robot support structure by general coordinate q4 .

1


0

1
2T = 

0

0

0 0

0





1 0 q4 



0 1 0

0 0 1

The third transformation matrix, 23 T , represents the rotation of the exoskeleton
with respect to the mounting block that it connects to, and it is associated with
shoulder abduction/adduction. This coordinate, q5 , is changed by loosening the the
nut which connects the exoskeleton to the mounting block and tightening it when it is
at its appropriate subject-specific location. The dimension d5 represents the distance
between the center of the bearing sliders on the linear rail and the closest face of the
exoskeleton that rotates with q5 .
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1 0
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0 c5 −s5 0 


2

3T = 


0
s
c
0


5
5


0 0
0
1
The fourth transformation matrix, 34 T , represents the rotation of the elbow with
respect to the previous portion of the exoskeleton. The elbow rotation is represented
by general coordinate q6 along the z axis. Dimensions a2 and a3 represent the distances
between O3 and O4 in directions ~x3 and −~y3 respectively.


c −s6
 6

s6 c6

3
T
=

4

0
0

0
0

0

a2





0 −a3 



1 0 

0 1

The transformation matrix, 440 T , represents the placement of the counterweight on
the exoskeleton. The counterweight translation is represented by general coordinate
q7 along the ~x4 axis. Dimensions a41 and a42 represent the distances between O4 and
O40 in directions −~x4 and ~z4 respectively.

1


0

4
T
=

0
4

0

0

0 0 −a41 − q7
1 0

0

0 1

a42

0 0

1











The transformation matrix 45 T represents the rotation of the forearm using general
coordinate q8 . The dimension a4 represents the distance between the elbow rotation
mechanism and the forearm rotation mechanism in the ~x4 direction.
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0 c8 −s8 0 


4
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0
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0


8
8


0 0
0
1
The forearm cuff that serves as a physical interface between the exoskeleton and
the user is attached to Frame 5 of the kinematic model.

A.2.2

Distal RPS Mechanism

This section describes the kinematics of the distal portion of the robot, including
3-DoF revolute-prismatic-serial (RPS) mechanism, Figure A.3. It is a parallel mechanism that enables the desired anatomical rotations of wrist flexion-extension and
wrist radial-ulnar deviation to be performed with actuators that are further from the
anatomical joints, reducing overall weight in that area. There is also a third degree
of freedom that allows for exoskeleton alignment with different arm sizes.
The kinematic solution for the RPS mechanism arises from an iterative method
for solving closed-chain mechanisms explained in [165]. The first step is to define the
constraints that govern this system. There are 12 generalized coordinates that can
fully describe the positions and orientations of the rigid bodies, given the inherent
constraints of the single-DoF revolute and prismatic joints. Each of the 3 linear rails
is able to rotate in 1 dimension and translate in 1 dimension (3 × 2 = 6 DoFs) and the
wrist ring is able to rotate and translate in 3 dimensions (6 DoFs). We will represent
the rotational DoF of each of the rails as θi , i ∈ [1, 2, 3], and each translation DoF
(occurring serially after rotation) as li , i ∈ [1, 2, 3]. The location of the center of
the wrist wring is defined by coordinates [xc , yc , zc ], and the orientation is defined by
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Euler rotations of α about the y-axis, β about the z-axis, and γ about the x-axis with
respect to coordinate Frame 5.

Figure A.3 : Definitions of coordinate frames and parameters for the RPS mechanism.

In this system, there are 9 constraints that must be met in order for the system
to be kinematically correct. Those constraints are defined by three paths that begin
at the origin of coordinate Frame 5, travel to the forearm ring, along the linear rail
to the wrist ring, to the center of the wrist ring, and back to the origin of coordinate
Frame 5. That path is described by equation A.1.

~ i = 5~ri + 5~li − 5 R13 13~bi − 5 O
~ 13 = ~0
φ

(A.1)
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Figure A.4 : Definitions of coordinate frames and parameters for the forearm ring of
the RPS mechanism.

Each portion of the equation is specified below.

5

~ri specifies the location of Ri

represented in coordinate Frame 5 as specified in Figure A.4.




0




5

r1 = Rcα5 − a56 sα5 



Rcα5 + a56 sα5

151





0




0
0
5

r2 = 
Rcα
−
a
sα
56

5
5


0
0
Rcα5 + a56 sα5


0




00
00 
5

r3 = Rcα5 − a56 sα5 


00
00
Rcα5 + a56 sα5
5~
li

specifies the vector from Ri to Bi represented in coordinate Frame 5 as specified

in Figure A.4.
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bi specifies the vector from the origin of coordinate Frame 13 to bi represented in

coordinate Frame 13 as specified in Figure A.4.




 0 


13~

b1 = 
rcα
13




rsα13

152


13~

b2

13~

b3

5



 0 


0 
=
rcα

13 


0
rsα13


 0 


00 
=
rcα13 


00
rsα13

O13 specifies the vector from the origin of coordinate Frame 5 (the center of

the forearm ring) to the origin of coordinate Frame 13 (the center of the wrist ring)
represented in coordinate Frame 5.
5

5



~ 13 = x y z
O
c
c
c

|
(A.2)

R13 specifies the Euler angle rotations from coordinate Frame 5 to the coordinate

Frame 13, which is aligned with the handle parallel to ~y13 . (~y13 is not pointing to
B1 .)
5

R13 = RY (α)RZ (β)RX (γ)

(A.3)

Based on these equations, there are 12 kinematic variables to be found, defined
as:
0

|



q = θ1 θ2 θ3 l1 l2 l3 α β γ xc yc zc

(A.4)

The 3-D constraint equations for the 3 closed paths of the mechanism are now arranged into a single column vector:
0

φ(q ) =

|


φ|1

φ|2

φ|3

(A.5)
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Table A.4 : Proximal Kinematic Parameter Values
Parameter

Value

Units

a0

0.5

m

a1

0.0604774

m

a2

0.13335

m

a3

0.0762

m

a4

0.159385

m

a41

0.1143

m

a42

0.24837205

m

Now, we must choose which variables are to be controlled or specified independently, and the remaining 9 variables will be dependent on them. To do this mathematically, we define an indexing function α(·), which takes as input the full variable
set and returns the three selected independent variables.
q ∗ = α(q 0 )

(A.6)

For our purposes, we typically want to set desired values for α, β, and xc , variables
which represent wrist flexion/extension, radial/ulnar deviation, and handle translation from the elbow, respectively. This means that α(q 0 ) = [α, β, xc ]T . Now we define
ψ(q 0 ) and ψ̄(q 0 , q ∗ ) as shown below. Importantly, q ∗ in Eq. A.8 is the vector of the
three independent variables assigned the specific values of interest. We additionally
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Table A.5 : Distal Kinematic Parameter Values
Parameter

Value

Units

a5

0.0268986

m

a6

0.027282

m

a56

a5 − a6

m

R

0.1044956

m

r

0.052881745

m

α5

0.094516665

rad

α50

α5 −

2π
3

rad

α500

α5 +

2π
3

rad

α12

20π
180

rad

α13

5π
180

rad

0
α13

α13 −

2π
3

rad

00
α13

α13 +

2π
3

rad

a7

0.018086622

m

a8

0.049692586

m

a9

0.0381

m

a10

0.062809158

m

0

)
define the partial derivative of ψ as ψq0 , ∂ψ(q
.
∂q 0


0
φ(q )
ψ(q 0 ) = 

α(q 0 )

  
0
φ(q )  0 
ψ̄(q 0 , q ∗ ) = 
− 
0
α(q )
q∗

(A.7)

(A.8)
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Lemma II.1 from [165] states that for a set of desired independent values q ∗ (while
not in a singular configuration) where ψ̄(q 0 , q ∗ ) = 0—meaning the constraints are met.
This means that for any q ∗ there exists a unique q 0 such that
q 0 = σ(q ∗ )

(A.9)

q̇ 0 = ρ∗ (q 0 ) q̇ ∗

(A.10)



0
0  (9×3) 
ρ∗ (q 0 ) = ψq−1

0 (q ) 
I(3×3)

(A.11)

Further,

where

A numerical iterative algorithm such as the Newton-Raphson method can be used
to find the solution q 0 = σ(q ∗ ). To use Newton-Raphson, first we initialize a vector
of our variables q00 . Then, a step is taken along the gradient in the direction of the
zero of the function until ψ̄ is acceptably close to 0.
0
0
0
qk0 = qk−1
− ψ̄q0 (qk−1
)−1 ψ̄(qk−1
)

The expression for ρ(q 0 ) is derived from the previous constraint equations:

  
0
φ(q )  0 

= 
0
α(q )
q∗

(A.12)

(A.13)

We then take the time derivative:


 
d φ(q )
d 0

=
 
dt
dt ∗
0
α(q )
q

(A.14)





0
09×3 
−1  9×3 
∗ 0
ψq0 (q 0 )q̇ 0 = 
 q̇ → ρ (q ) = ψq0 

I9×3
I9×3

(A.15)

0
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yielding an expression for ρ∗ (q 0 ).
Finally, the transformation matrix

13
14 T

represents the positioning of the handle.

The handle translation is represented by the general coordinate q18 along the ~x13 axis.
Dimension a9 represents the distance between O13 and O14 in the ~y13 direction, and
dimension a10 is an offset added to q18 in the ~x13 direction to reach the handle position
at O14 .

1


0

13
14 T = 

0

0
A.2.3

0 0 a10 + q18
1 0

−a9

0 1

0

0 0

1











Full Serial Representation

At times, it is useful and/or necessary to describe the parallel mechanism with serial
joint coordinates. This is the case for the robot to be modeled in OpenSim. Therefore,
a serial representation of the distal part of the device is described here, where two
serial kinematic chains describe the paths to the ends of two of the linear rails and
one serial kinematic chain describes the path from the top linear rail, through the
spherical joint, to the wrist ring and handle.
Continuing from the end of the proximal section, Frame 5, at the forearm wring,
the transformation matrix 56 T represents the rotation of the linear slider 1 relative
to the forearm ring about the ~z6 axis. Frame 6 is rotated by the fixed parameter
α5 about ~x5 , translated by the forearm ring radius R along the ~y direction after this
rotation, and then translated by a5 along ~z6 .
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c9

−s9

0

0







cα5 s9 cα5 c9 −sα5 Rcα5 − a5 sα5 


5

6T = 


sα
s
sα
c
cα
Rsα
+
a
cα
 5 9
5 9
5
5
5
5


0
0
0
1
The transformation matrices 57 T and 58 T represent the rotation of linear sliders 2
and 3 relative to the forearm ring about their respective ~z axes. Their function is
identical to that of 56 T , with the only difference being the initial rotation of α0 and α00
instead of α. These angles space the three frames equally around the forearm ring.




c
−s10
0
0

 10


cα0 s10 cα0 c10 −sα0 Rcα0 − a5 sα0 
5
5
5
5
 5
5

7T = 

 0
sα5 s10 sα50 c10 cα50 Rsα50 + a5 cα50 


0
0
0
1


c11

−s11

0

0







00
00
00
00
00
cα s11 cα c11 −sα Rcα − a5 sα 
5
5
5
5
5


5

8T = 
 00
00 
00
00
00
sα5 s11 sα5 c11 cα5 Rsα5 + a5 cα5 


0
0
0
1
The transformation matrix 69 T represents the translation of linear rail 1 relative
to linear slider in the ~x6 direction, where the origin of Frame 9 has been translated
by a6 in the −~z6 direction. Similarly, transformation matrices

7
10 T

and

8
11 T

represent

the translation of linear rails 2 and 3 relative to linear sliders 2 and 3 respectively,
with the same translation by a6 in their frame’s −~z direction.
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0


0

6
9T = 

0

0

0


0

7
T
=

10

0

0

0


0

8
T
=

11

0

0

0 0

q12





1 0 0 



0 1 −a6 

0 0 1
0 0

q13





1 0 0 



0 1 −a6 

0 0 1
0 0

q14





1 0 0 



0 1 −a6 

0 0 1

The remaining transforms handle the serial chain from linear rail 1 to the wrist
ring and handle. Thus, this serial representation does not describe all three of the
paths from the forearm ring to the handle, but instead, it covers what is necessary to
fully specify the position and orientation of the entire exoskeleton assembly.
The transformation matrix

9
12 T

represents the 3-D rotation of the wrist ring rela-

tive to linear rail 1 about the center of the spherical bearing connecting them. The
relative orientation of the ring is described in terms of X-Y-Z Euler angles as successive rotations, meaning their order of multiplication is left to right. Therefore, the
rotational part of this transformation can be composed as
9
12 R

= RX (q15 )RY (q16 )RZ (q17 ).

However, the rotation matrix

5
13 R

is already given by the coordinates defined in
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the parallel representation: α, β, and γ:
5
13 R

= RY (α)RZ (β)RX (γ).

Working backward, the rotation matrix

12
13 R

accounts for the difference in orientation

between the handle and the triangle constructed by connecting the spherical bearings
Bi (Figure A.3).
12
13 R

= RZ (α12 )RX (−α13 ).

Taking the rotational part of the transformation matrix 59 T = 56 T 69 T ,
5
9R

= RX (α5 )RZ (q9 ),

we can solve for the rotation matrix
9
12 R

9
12 R

in terms of known quantities:

= 59 R|

5
12 |
13 R 13 R .

The three Euler angles q15 , q16 , and q17 can be found from the elements of this matrix
as follows:

q16

q15 = atan2(−r(2, 3), r(3, 3))
p
= atan2(r(1, 3), 1 − r2 (1, 3))
q17 = atan2(−r(1, 2), r(1, 1)),

where r(i, j) is the element of
The transformation matrix

9
12 R
9
12 T

in the ith row and the jth column.
is a pure 3-dimensional rotation corresponding to

the spherical bearing at B1 .

c16 c17
−c16 s17
s16


c15 s17 + c17 s15 s16 c15 c17 − s15 s16 s17 −c16 s15

9
T
=

12

s15 s17 − c15 c17 s16 c17 s15 + c15 s16 s17 c15 c16

0
0
0


0


0



0

1
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The transformation matrix 12
13 T is a fixed transformation (containing no generalized
coordinates qi ), that relates the position and orientation of Frame 12 to Frame 13, and
is introduced to keep the transformation matrices from becoming overly complicated.


cα12 −sα12 cα13 −sα12 sα13 a7




sα12 cα12 cα13

cα
sα
−a
12
13
8


12
T
=


13


−sα13
cα13
0 
 0


0
0
0
1
Finally, as presented in the previous subsection, the transformation matrix,

13
14 T ,

represents the positioning of the handle. The handle translation is represented by
the general coordinate q18 along the ~x13 axis. Dimension a9 represents the distance
between O13 and O14 in the ~y13 direction, and dimension a10 is an offset added to q18
in the ~x13 direction to reach the handle position at O14 .

1


0

13
14 T = 

0

0

0 0 a10 + q18
1 0

−a9

0 1

0

0 0

1











The full list of generalized coordinates and their definitions in the serial representation is shown in Table A.6, and the definitions of the coordinate frames are listed
in Table A.7.

A.3
A.3.1

Statics
Distal RPS Mechanism

External virtual work done by a closed kinematic chain is defined by
δw = −(τ 0 )| q̇ 0

(A.16)
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Table A.6 : Generalized Coordinate Assignment
Gen. Coord.

Description

q1

cart rotation about world y

q2

cart translation in world x

q3

cart translation in world y

q4

cart translation in world z

q5

exo shoulder abduction

q6

exo elbow flexion

q7

counterweight translation

q8

exo forearm pronation

q9

(θ1 ) exo slider 1 rotation

q10

(θ2 ) exo slider 2 rotation

q11

(θ3 ) exo slider 3 rotation

q12

(l1 ) exo rail 1 translation

q13

(l2 ) exo rail 2 translation

q14

(l3 ) exo rail 3 translation

q15

exo spherical bearing 1 roll

q16

exo spherical bearing 1 yaw

q17

exo spherical bearing 1 pitch

q18

exo handle position

where τ 0 is the n0 -by-1 generalized external torque vector for a system described by
n0 generalized coordinates with n∗ degrees of freedom and n0 − n∗ constraints. Under
static equilibrium, δw = 0.
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Table A.7 : Coordinate Frame Descriptions
Frame

Description

0

world frame aligned with the human torso

1

base of the robot support linear bearing

2

exo base block

3

exo upper arm

4

exo forearm

40

counterweight

5

exo wrist base

6

exo wrist slider 1

7

exo wrist slider 2

8

exo wrist slider 3

9

exo wrist rail 1

10

exo wrist rail 2

11

exo wrist rail 3

12

exo spherical bearing housing 1

13

exo wrist ring

14

exo handle

So, choosing n∗ = 3 and n0 = 12 for the MAHI Exo-II, we denote the independent
generalized coordinates with a star ( ∗ ) and the dependent generalized coordinates
with a bar ( ¯ ). The generalized torques are denoted to match the corresponding
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generalized coordinates, though for the torques, τ ∗ is now dependent on τ̄ .
q ∗ ∈ R3 ,
τ ∗ ∈ R3 ,

q 0 ∈ R12 ,
τ 0 ∈ R12 ,

q̄ = q 0 \q ∗ ∈ R9
τ̄ = τ 0 \τ ∗ ∈ R9 ,

using set notation.
The generalized virtual displacements and torques in Eq. A.16 can be separated
into these subsets. Under static conditions:
− (τ ∗ )| δq ∗ − (τ̄ )| δ q̄ = 0.

(A.17)

Making use of the previously defined mapping ρ(·) between the independent and
dependent coordinate velocities (Section A.2), where the notation of ρ(·) (and its
dimensions) has once again changed to be consistent with this section and not the
previous kinematics section:
q̇ 0 = ρ∗ (q 0 ) q̇ ∗ ,

q̄˙ = ρ(q 0 ) q̇ ∗ ,

q̇ 0 = q̄˙ ∪ q̇ ∗ .

(A.18)

We use this relationship as a substitution in Eq. A.17:
[(τ ∗ )| − (τ̄ )| ρ(q 0 )]δq ∗ = 0

(A.19)

In order to drop the δq ∗ and say (τ ∗ )| − (τ̄ )| ρ(q 0 ) = 0, the virtual displacements δq ∗
must be independent. For the RPS mechanism, we know only n = 3 of the coordinates
can be independent.
Therefore, we can say that τ ∗ = ρ(q 0 )| τ̄ only for n = 3 torques in τ ∗ . The remaining n0 − n = 9 torques in τ̄ must be specified, but can be independent of each
other. If they are not defined, then they must be assumed to be zero in order to have
a valid solution for the 3 dependent torques τ ∗ .
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The established relationships between joint velocities and torques in the RPS
parallel mechanism can be summarized as follows:
q ∗ ∈ R3 ,

q 0 ∈ R12 ,

q̄ = q 0 \q∗ ∈ R

τ ∗ ∈ R3 ,

τ 0 ∈ R12 ,

τ̄ = τ 0 \τ ∗ ∈ R

q̇ 0 = ρ∗ (q 0 ) q̇ ∗ ,
τ 0 = ρ̄| (q 0 ) τ̄ ,

A.4

q̄˙ = ρ(q 0 ) q̇ ∗ ,

q̇ 0 = q̄˙ ∪ q̇ ∗

τ ∗ = ρ| (q 0 )τ̄ ,

τ 0 = τ̄ ∪ τ ∗

Dynamics

Determination of the full equations of motion for the MAHI Exo-II is beyond the
scope of this text; however, the exact equations can be found computationally given
the information provided in the kinematics and statics sections, along with the inertial
properties of the rigid bodies composing the robot. More information on the dynamics
of parallel mechanisms can also be found in [165].
For each of the coordinate frames associated with moving rigid bodies of the
robot (including bodies that are locked in place during normal operation), we have
calculated the theoretical mass, location of center of mass, and elements of the inertia
tensor using an accurate SolidWorks model that includes all known properties, as well
as all fasteners and other peripheral parts present that would affect inertial properties.
All values are given with a precision of 8 digits after the decimal point, in standard
SI units. Mass is given in kg. Position of the center of mass in m is expressed in
the moving body frame. The elements of the inertia tensor (kg m2 ) are arranged in a
symmetric two-dimensional matrix, calculated at the center of mass and oriented in
the moving body frame.

Frame 3, Exo Upper Arm:
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 0.04238470 



m3 = 3.42222721, 3 P~3,COM = 
−0.07466000




−0.00583083


 0.03278369 −0.00882058 −0.00039780


3

I3 = 
−0.00882058
0.02600980
0.00135900




−0.00039780 0.00135900
0.04034464

Frame 4, Exo Forearm:


0.05408420




4~

m4 = 1.75487178,
P4,COM = −0.03777320



0.00297689


 0.01371556 −0.00398585 −0.00095332


4
I4 = 
0.00071175 
−0.00398585 0.02047318



−0.00095332 0.00071175
0.01731919

Frame 40 , Exo Counterweight:

m40 = 5.35239000,

40

P~40 ,COM

 
0
 

=
0
 
0



0.00700388
0
0




40


I40 = 
0
0.00700388
0



0
0
0.01317901
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Frame 5, Exo Wrist Base:


−0.00401306



m5 = 1.45613142, 5 P~5,COM = 
−0.00116828




−0.00011279


0.00000848 
0.01747099 0.00006494


5

I5 = 
0.00006494
0.00904374
−0.00000851




0.00000848 −0.00000851 0.00895693

Frame 6, Exo Wrist Slider 1:



0




m6 = 0.05994136,
0


−0.00868910


0
0
0.00000961



6


I6 = 
0
0.00000989
0



0
0
0.00000890
6~
P6,COM



=



Frame 7, Exo Wrist Slider 2:




0




7~

m7 = 0.05994136,
P7,COM = 
0




−0.00868910


0
0
0.00000961



7

I7 = 
0
0.00000989
0




0
0
0.00000890
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Frame 8, Exo Wrist Slider 3:




0




8~

m8 = 0.05994136,
P8,COM = 
0




−0.00868910


0
0
0.00000961



8

I8 = 
0
0.00000989
0




0
0
0.00000890

Frame 9, Exo Wrist Rail 1:


−0.08803880




9~

m9 = 0.14820004,
P9,COM =  0.00000222 



0.00949584


 0.00002001 −0.00000005 −0.00012515


9

I9 = 
0
−0.00000005 0.00146169



−0.00012515
0
0.00144578

Frame 10, Exo Wrist Rail 2:


−0.08803880



m10 = 0.14820004, 10 P~10,COM = 
0.00000222




0.00949584


 0.00002001 −0.00000005 −0.00012515


10

I10 = 
−0.00000005
0.00146169
0




−0.00012515
0
0.00144578
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Frame 11, Exo Wrist Rail 3:


−0.08803880



m11 = 0.14820004, 11 P~11,COM = 
0.00000222




0.00949584


 0.00002001 −0.00000005 −0.00012515


11

I11 = 
0
−0.00000005 0.00146169



−0.00012515
0
0.00144578

Frame 13, Exo Wrist Ring:


 0.04604890 



m13 = 0.20360330, 13 P~13,COM = 
−0.05986810




−0.00647995


 0.00108391 −0.00064377 −0.00000844


13
I13 = 
0.00002664 

−0.00064377 0.00082063


−0.00000844 0.00002664
0.00158304

Frame 14, Exo Handle:




0




1 ~

m14 = 0.16125801,
4P14,COM = 
0.06844240




0


0
0
0.00103949



1

4I14 = 
0
0.00002597
0




0
0
0.00103949
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