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Once held in a static position, external forces were introduced to the simulation to
evaluate if muscle activations returned the arm towards the original position after being
moved away within a basin of attraction. It was found that the basin of attraction was
limited to a 15 cm sphere around the joint position, regardless of position in the
workspace. Muscle activations were then tested and found to successfully perform
movements between points within the basin. The development of a controller capable of
equilibrium point controlled movement is the initial step in recreating these movements

in high-level tetraplegia patients with an implanted FES.
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functional reaching in individuals with high-level tetraplegia as it is considered their

highest priority as current methods are lacking in these advances (Anderson, 2004).

A vital aspect of improving the quality of life for those who live with high-level
tetraplegia is attempting to supplement nonfunctioning muscles to regain some level of
movement or functionality. One method that attempts to bridge the communication gap
to support restoration of movement is Functional electrical stimulation (FES), a technique
that applies small independent electrical impulses to paralyzed muscles to restore or
improve their function (Ho, 2014). When only one or very few muscles or nerves were
stimulated in various spinal cord injury patients across multiple studies, FES successfully
restored and improved hand functionality (Keith, 1996), lower limb functions (Zhang,
2007), respiratory functions (Jarosz, 2012), and even bowel and bladder functions (Ho,
2014). Additionally, FES electrodes placed on various areas of the body for recurrent
physical therapy have been shown to reduce common physiological problems associated
with the loss of supraspinal control of voluntary movements such as increased body fat,
leg edema, blood clots, decreased muscle bulk and endurance, pressure ulcers,

osteoporosis, and depression (Ho, 2014).

Research focused on sending electrical impulses to damaged arm muscles
utilizing FES has been promising in single-joint and coordinated multi-joint arm
movements, but limited due to the complexity of the arm and shoulder system (Ajiboye,
2017). The complex structure of the human arm and the necessity for several joints and
large muscle groups to be stimulated to achieve movement leaves FES less successful
when attempting full-arm reaching movements. The most recent successes in FES-

controlled full-arm reaching are the MUNDUS project (Pedrocchi, 2013) and the



Braingate clinical trial (Ajiboye, 2017), both of which have significantly improved the
subject’s abilities in laboratory demonstrations to perform everyday activities such as
picking up a cup and reaching towards objects by the direct training of a controller
specifically for these tasks. The MUNDUS project achieves joint motion by controlling a
single degree of freedom at a time while an exoskeleton locks the other motions
(Pedrocchi, 2013). However, the MUNDUS project does not exploit the redundancy of
the arm to achieve different paths to the same target or modulate stiffness, limiting the
flexibility of the tasks to be achieved. The Braingate clinical trial uses an intracortical
brain-computer interface combined with FES to cortically command single-joint and
coordinated multi-joint arm movements for point-to-point target acquisitions (Ajiboye,
2017). Despite the Braingate’s advances, it currently lacks efficient control of multi-joint
movements. The Braingate uses a fixed muscle activation pattern for flexion and
extension of each independent joint and when attempting to control more than one joint at
a time, the activation pattern of one joint conflicts with the others (Ajiboye, 2017).
Furthermore, it uses an exoskeleton to control the shoulder, separating the shoulder and
elbow into separate units and allowing only muscles below the shoulder to have freedom
of movement. Developing a method of upper limb movement that can exploit the
redundancy of the arm and control the shoulder and elbow as one unit outside of a
laboratory would overcome the current disadvantages in the most modern FES systems as

they rely on separating the shoulder and elbow into separate units to train a controller.

With full-arm reaching yet to be realized, patients with high tetraplegia are unable
to completely utilize full motion of their arms to perform simple tasks such as holding a

fork or brushing their hair. To restore movement and functions similar to what they were



pre-injury, an individual must be able to attain any goal-directed task by being able to
move their arm anywhere within their field of movement. However, the sheer number of
possible goal tasks makes direct training of a controller to meet each goal improbable.
Therefore, there exists a need for the development of a controller which can determine

the stimulation commands necessary to achieve any desired task.

We hypothesized that equilibrium point control is one appropriate method to
achieve this goal. We intend to use the same basic principles of the Equilibrium Point
Hypothesis by determining which muscle groups to activate to achieve a given static
equilibrium position and then attempt movements between these static positions.
Equilibrium point control requires less strict direct training of a controller compared to
the other research methods and instead can categorize movements into transitions
between equilibrium points. This research uses the objectives below to develop a method
capable of full-arm reaching movements through equilibrium point control of muscle
activation in a computer-simulated human arm model. We aim to implement this
research into an FES neuroprosthesis implanted in an individual with high-level
tetraplegia to attempt to replicate the successes of the computer-simulated model into that
of an actual patient with high tetraplegia. To test this hypothesis, our research focused on

three main objectives:

1. Determine if muscle activations can maintain holding for static positions

2. Determine the existence and size of the basin of attraction around static
positions

3. Determine the feasibility of changing muscle activations to move between

static positions



We focused our research on a computer-simulated virtual human arm model
developed to mimic a physical arm’s response to muscle activation and output static and
dynamic arm data (Chadwick, 2014). The success of the equilibrium point control
strategy would give us confidence in its achievements in later experiments in human
subjects. The controller was used to determine open-loop activation inputs to achieve a
variety of arbitrary static hand positions. Gaussian Process Regression then utilized the
static arm data to estimate joint dynamics and muscle activations necessary to achieve
any specified static position within the field of movement. The feasibility of maintaining
static positions allowed for further examination of movements between static points
along a trajectory. The method of movement between static equilibrium points is the
fundamental basis of the Equilibrium Point Hypothesis — the idea that the body moves
equilibrium points which triggers shifting of the equilibrium point of the arm and

generates movement (Feldman, 1986).

For individuals with high tetraplegia, the loss of purposeful motion in their upper
extremities severely limits their quality of life, and restoring this functionality is their
greatest priority to improving their independence (Anderson, 2004). Refining the
accuracy of full-arm reaching movements can significantly increase the number of
functional tasks they could perform and decrease their level of dependence. Current
research has already confirmed that muscle stimulations implemented into an FES
neuroprosthesis is successful in holding the arm static at various joint positions (Wolf,
2017). Our simulations will expand on this research and allow for control of the shoulder
and elbow as one functional unit to perform motion control while preserving the arms

natural ability to choose different paths or muscle combinations to perform the same



action instead of a fixed stimulation pattern. This research was completed as an initial
step in developing a practical FES control strategy for functional reaching in individuals
with high tetraplegia and presents an individualized equilibrium point controller capable
of full-arm reaching movements for a static position from a set of muscle activations.
Chapter II defines the underlying principles of motor control strategies of the Equilibrium
Point Hypothesis and how it is utilized in this research. Chapter III defines the
underlying principles of Gaussian Processes and Gaussian Process Regression and how
they will be utilized in this research. Chapter IV identifies a virtual model and calculates
muscle activations capable of holding static positions throughout a workspace. This
leads to Chapter V in which muscle activations are used to quantify the size of the basin
of attraction. Employing the data and information gathered from the previous Chapters,
Chapter VI examines the capabilities of muscle activations within the basin of attraction
to achieve full-arm reaching movements utilizing principles of the Equilibrium Point
Hypothesis. Finally, Chapter VII will discuss the results and future aims of the research

presented in this thesis.






Equilibrium Point Hypothesis as a basis of a control strategy allows us to examine its

possibility as a simplified method of limb movement along a path.

The basis of the A model originates from the suggestion that limb movements
arise from the shifting of the equilibrium state of the motor system due to changes to
neural control signals. Motor innervation to muscles arises from o motor neurons, which
innervate the main body of the muscle, and from y motor neurons, which contribute to a
motor neuron excitation through reflexes. Electrochemical influences from the brain, in
the presence of proprioceptive feedback to motor neurons, are transformed into changes
in the threshold muscle lengths () or joint angles at which the motor neurons begin
recruiting. In response, muscle activations and forces vary in relation to the difference
between the actual and the threshold muscle lengths and the rate of muscle length change.
The change in activation results in joint torques and the resulting motion depends upon
the muscle torques and external loads (Feldman, 1986). That is, muscle activation
thresholds of various muscles shift between positions along a trajectory, simulating the
movement between equilibrium points within the system. Thus, by shifting A through
changes to the central facilitation of motor neurons, the system can produce movement to
a new equilibrium position (Sainburg, 2015). This allows control levels of the CNS to
specify where, in spatial coordinates, muscles are activated to more accurately identify

which muscle groups are required.

The Equilibrium Point Hypothesis has been used as a control strategy in several
studies related to limb movement and robot control. Several studies performed focused
on implementing an external force to the arm to verify if the arm returns to the initial

equilibrium point once the force is removed. This is similar to the second aim of our

8



research where an external force is used to move the arm out of place to estimate how far
the arm can be moved before it will not return. One of the most common studies utilizing
Equilibrium Point Hypothesis is the concept of muscle unloading, in which weights are
hung on ropes attached to pulley systems attached by small electromagnetic locks and
connected to a subject’s arm (Archambault, 2005). The subject’s arm initially establishes
a specified position while counteracting a certain load torque to establish an initial target
equilibrium point. Once the equilibrium point was established, the load was decreased,
resulting in the motion of the forearm to another combination of the static torque and
position (a new equilibrium point). The initial load was then restored and the subject
established the same initial equilibrium point, and the trial was repeated with the same or
a different randomly chosen final load. Thus, it was possible to record a set of
equilibrium points resulting from unloading from the same initial equilibrium point. The
tonic EMG activity of pre-loaded muscles was not the same for different equilibrium
points as it monotonically decreased with the decreasing amount of the residual load and
the displacement of the arm increased with the increasing amount of unloading
(Archambault, 2005). In another study, a robotic arm was used to slowly displace a
subject’s hand from an origin and measured the restoring forces. The subject is then told
to attempt to reach to a target while the robot measures the force the subject is generating
to perform the movement. The magnitude and direction of movement-related forces
agree with the hypothesis that movement is generated through a shift of the equilibrium
position of the postural force field toward the target (Shadmehr, 1993). Several other
studies focused on generating movement in a robotic arm outside of human control or a

central nervous system by manipulating stiffness quantities to change equilibrium points



(Byeong-Sang, 2013; Gu, 2007). In these experiments, principles of the Equilibrium
Point Hypothesis were used to potentially generate human arm-like motion by using
actuators or damped springs in place of a nervous system to directly control the robotic
arm. Control of the actuators or damped springs allowed for manipulation of the joint
torques responsible for holding the equilibrium points to examine movement between
these points without higher level control. These experiments proved that direct control of
a robotic arm, in place of a central nervous system, utilizing the Equilibrium Point

Hypothesis is possible.

The similarity of previous research studies to our hypothesis that full-arm
reaching motions can be achieved through the transitioning of muscle activations
between equilibrium points further solidifies our decision to use Equilibrium Point
Hypothesis as a control strategy. In equilibrium point control, the general central
equation of a control strategy is

At
a=[l—2+ul] (1)
where

x, ifx>0
" = {o, ifx <0

where muscle activation, a, is proportional to the difference between the current muscle
length, [, and the centrally specified threshold length, A, as well as on the rate of muscle
length change, [, with u specifying the dependence of the muscle’s threshold length on
velocity and provides damping due to proprioceptive feedback (Feldman, 1986). In this
equation, the muscles act as a spring-damper with a dependence on velocity. We

designed our central equation of a control strategy
Mo=1(q) )

10



R10x1

based on the underlying mechanics of our system where o € is a matrix of muscle

activations, M € R>*10 is a matrix of linear mapping of activations of muscles to joint

torques, and T € R>*! are the joint torques required to maintain an arm configuration, q.
The desired arm configuration, ¢, is chosen and the joint torques and muscle activations
are developed to maintain the configuration. Generating these muscle activations by
selecting a desired arm configuration is similar to generating muscle activations from the
selected threshold length in Equation 1. In this respect, both equations identify
equilibrium points from a selected set of initial conditions and corresponding activations,
effectively moving between these points by only having to specifying either g or A.
However, since we are not receiving neural commands, as in Equation 1, our developed
equation was based off a mechanical control strategy to achieve muscle activations, but
still utilizing the underlying principles of the equilibrium point hypothesis control
strategy. This control strategy develops muscle activations that are dependent on joint
configuration and joint torques instead of muscle lengths and velocity as in Equation 1.
Our strategy is used to identify muscle activations at static positions in which the arm
would not be moving, in which velocity and muscle length would be constant. This
means that maintaining the static position would be dependent on the configuration of the
arm and the joint torques required to hold the arm in place instead of muscle length or
velocity. Although the arm is moved using an external force in the basin of attraction
simulations, which would implement a muscle length change and velocity into the model,
the muscle activations aim to evaluate if configuration and joint torque dependency can

overcome these factors. Our control strategy model allows for A and 7 to be calculated

11



from Gaussian Process Regression for a given arm configuration to determine the

corresponding muscle activations.

There has been a great deal of controversy regarding the Equilibrium Point
Hypothesis and a desire to reject the hypothesis entirely due to several unresolved
limitations. The current limitations of the Equilibrium Point Hypothesis include
violations in predictions of the principle that a given end position can be reached by
many potential means in an open system, whether muscle resistance to displacement is
adequate to support motor control, and a limited description of how the complexity of
spinal circuitry might be integrated to yield a unique and stable equilibrium position for a
given motor neuron threshold (Feldman, 2005). However, despite these limitations, the
Equilibrium Point Hypothesis is still widely used today because it offers a unique
solution to issues that other methods, such as the force control hypothesis and dual-
strategy hypothesis, have not been able to overcome. These issues include resolving the
posture-movement paradox — when posture-stabilizing mechanisms resist deviations
produced by external forces but not those produced by voluntary movements - and
including the co-activation of opposing muscle groups (Feldman, 2005). The force
control and dual-strategy hypotheses neglect these factors, leaving them physiologically
infeasible (Feldman, 2003; Monohar, 1998). The Equilibrium Point Hypothesis
continually adapts to new information and technologies, further strengthening its

underlying principles and making it a strong hypothesis to utilize despite its limitations.

Fundamentally, the Equilibrium Point Hypothesis suggests that simple, direct
control signals from the brain may underlie smooth joint movement of a system along a

trajectory from a starting position to an ending position using equilibrium points. Using

12



the basic principles of the Equilibrium Point Hypothesis, we calculated muscle
activations at specified equilibrium points in a reachable space to examine limb
movement between these equilibrium positions. This was accomplished by examining
the basin of attraction around several joint positions in the workspace using activations of
various muscle groups and external forces (Chapter V). If ajoint is in equilibrium, any
deviation caused by external sources will generate muscle forces to bring the joint back to
its equilibrium. In this case, the basin of attraction - a set of points from which a system
approaches a stable position — exists around the equilibrium point for a set of initial joint
position conditions. Consequently, if a basin of attraction exists for joint positions and
muscle activations throughout the workspace, we can use this data to examine the
feasibility of an equilibrium point control strategy along a trajectory utilizing the

principles of the Equilibrium Point Hypothesis (Chapter VI).
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observed joint torques and activated muscle groups in various positions throughout the
workspace. The joint distribution of the observed target values and the function values at
the test locations under the prior that defines the mean and covariance under the prior is
defined in Equation 4. The key predictive Equations 5 and 6 define the predictive

distribution of the output given a new input and training data

y KX, X)+02l K(X,X)

[f*] ~N (0’ [ KX, X) KX, X*)D )
fo 2 E[f] Xy, X.] = KX, OKX, X) + a2y (5)
cov(f,) = K(X., X.) — K(X., )[K(X, X) + 021K (X, X.) (6)

where X are the training inputs, X, are the test inputs, f, is the GP posterior mean, f, is
the GP posterior prediction, ¢2 is noise variance, K(X, X,) is a covariance matrix of
training inputs and test inputs, and / is an identity matrix (Rasmussen, 2006). These
equations are used to define the predictive distribution of output given new input and
training data. In this research, several joint configurations were examined as training
data and the torques required to hold configurations static were found. GPR was then
used with the training data to calculate torques for a desired joint configuration. An
optimization problem was then used on the output from GPR to calculate the muscle

activations required to maintain any joint position in the workspace (Chapter IV).

In addition to GPR, there are numerous methods of statistical modeling that can
potentially be used for predictive learning including: linear regression, Kernel Ridge
Regression, Locally Weighted Projection Regression, and neural networks. Linear
regression 1s a linear approach for modeling the relationship between a scalar dependent

variable and one, or multiple, independent variables. It works similar to GPR, but the

17



output is a linear combination of fixed linear regression basis functions that use
parameters that are adjusted to fit the model to the data, often using the least squares
approach. However, linear regression outputs optimal results when relationships between
the fixed basis functions and dependent variables are almost linear, which tends to lead to
over fitting of data if too many basis functions are chosen or too big of an error if not

enough basin functions are chosen (Murphy, 2012).

Kernel Ridge Regression (KRR) is a method for performing nonparametric
regression — regression analysis in which the predictor is constructed according to
information derived from the data, not from a predetermined form such as linear
regression - similar to GPR (Murphy, 2012). However, unlike GPR, KRR is able to learn
a linear function in the kernel space, based on the mean-squared error loss with ridge
regularization, which corresponds to a non-linear function in the original space, as seen

below in Equation 7.

fG) =y K +AD""k (M

where f(' ) denotes an arbitrary function, K denotes the kernel, / is an identity matrix of
the relevant dimension, 4 is the regularization parameter that adds rank to K, and 4 is the
vector of inner products between the data and the new point, x. However, GPR can
define hyperparameters — parameters of the prior distribution such as length-scale, signal,
and noise - based on gradient-ascent on the marginal likelihood function while KRR
needs to perform a grid search on a cross validated loss function. The marginal
likelihood — the likelihood of observing the data given the hyperparameters marginalized
over the distribution of functions defined by the hyperparameters - is equivalent to the

integral of the likelihood times the prior and can be seen in Equation 8 below.

18



pIX) = [pWIf, XDp(fI1X)df (8)

Choosing hyperparameters allows GPR to learn a generative, probabilistic model of the
target function capable of providing meaningful confidence intervals and posterior

samples along with predictions, while KRR is limited to only providing predictions.

Locally Weighted Projection Regression (LWPR) achieves nonlinear function
approximation by using locally linear models, spanned by a few univariate regressions in
selected directions in input space, and cycles through datasets multiple times. However,
LWPR is inefficient at computing non-local points and requires large sample sizes
(greater than 2,000); otherwise, samples need to be presented multiple times in random
order (Murphy, 2012). GPR is more successful and practical at handling smaller sample
sizes as accurately as LWPR without repeatedly cycling through a dataset. In this
research, we are limited to a small sample size due to the limitations in human
experiments that can be performed as there is a limited amount of time to collect training
data and we are constrained to a relatively small workspace when working with human

subjects.

Finally, neural networks are commonly used because of their iterative learning
process and are comprised of a set of input values, associated weights, and a function that
sums the weights and maps the results to an output. A neural network consists of nodes
in multiple layers, with the connections between nodes of adjacent layers having weights
associated with them. Initially, weights are randomly assigned and, for every input in the
training dataset, the neural network is activated and its output is observed. This output is
compared with the desired output that is already known, and the error is propagated back

to the previous layer. The error is noted and the weights are adjusted accordingly, with

19



the entire process repeating until the output error is below a predetermined threshold
(Nielson, 2015). This creates a learned neural network which can then work with new
inputs. However, neural networks are difficult to train, depend crucially on initial

parameters, and are not probabilistic.

Despite its advantages over other methods, one of the largest drawbacks of GPR
is that it becomes computationally expensive for larger dataset (greater than 1,000). Due
to our small sample size, the ability of GPR to compute confidence intervals and
marginal likelihoods, and the ability to automatically choose the model, GPR was chosen

as the most appropriate statistical modeling method for our research.
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To gather data for the model identification, an external force held the virtual arm
at a position within the workspace. To gather joint torques and muscle activations for a
desired joint position, the DAS utilized a combination of external and internal forces to
achieve and maintain a desired joint position from an initial set of Cartesian coordinates.
Two sets of external force proportional-derivative (PD) controller gains were used to
manipulate the arm separate of muscle influence. A PD controller with an initial set of
gains was used to move the arm to a desired position without any muscle activations
while a second set of PD controller gains was used to keep the arm held in the desired
position while muscles were activated. The second PD controller was initially hand-
tuned by manipulating the proportional and derivative gains to keep the arm static when
muscle activations were implemented. The initial PD controller gains moved the arm to a
given Cartesian point in the reachable space, corresponding to a desired position of the
wrist, for several seconds and was then removed. The second PD controller gains were
then implemented to hold the arm in the desired position for another several seconds
while a single muscle group was activated to 100%. This was repeated for all ten muscle
groups at twenty separate positions throughout the workspace, seen below in Figure 5,
chosen to reach as many distinct points in the workspace as possible to provide a wide
sampling of the workspace while still maintaining a small dataset. We limited the
positions examined to 20, to mimic the amount of data that would reasonably be achieved
during a real human experiment but still reach a wide variety of locations in the
workspace. Holding the arm in position allowed the DAS to output the joint angles and
forces at the end of the forearm required to maintain that position while fully stimulating

a target muscle group.
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That is, the activation of muscles, a, was equivalent to zero. As such, p was defined as
the vector of torques necessary to hold the arm in the static configuration while no
muscles were activated, determined by the joint angles of the shoulder and elbow, where
the joint angles are defined in (Wu, 2005). To determine the torque contribution of a
single muscle group, the arm was moved to a target position, and a muscle group was
100% activated while being held in place by the second PD controller gains. The DAS
then outputs the joint angles of the position and forces at the end of the forearm produced
by that specific muscle group (Figure 4(b)). The joint torques for both arm statics and
muscle torque production were determined from the ending forces and Jacobian, a
function of the joint angles, as seen in Equation 9 above. The joint torque calculations
with muscle torque production included both the passive torque and active muscle torque

contributions as seen below
Tm=Pp—Ra (10)

where R € R>*1° is the linear mapping of activations of muscles to joint torques, p are
the passive joint torques found when no muscles are activated, o is a muscle activation
vector of all zeros except for a value of one for the muscle group being activated, and 7.,
is the total torque contribution when a muscle group is activated. The elements of R were
found by manipulating Equation 10 and subtracting the passive torques from the model

torques as seen below
Ra=p—1y (11)

where the element of a that corresponds to the activated muscle group is equal to one and

R is the linear mapping of activations of muscles to joint torques without a passive

28



influence. For the examined joint positions, each row of R corresponds to the torque
about a specific degree of freedom, and each column represents the torque produced by

the 100% activation of a target muscle group.

To train a GPR model capable of determining p(¢g) and R(q) for any joint
configuration, g, within the workspace, arm statics and muscle torque production values,
p and R, were calculated for the 20 target positions to estimate mean and covariance
functions. Using Equations 5 and 6 from Chapter III and repeated below, we can
implement the p and R values into the predictive equations for GPR.

fe 2E[f.] Xy, X.] = KX, XK X) + 62117ty ()

cov(f.) = K(X., X.) = K(X., X)[K (X, X) + o211 'K (X, X.) 6)

Using Equation 5 with our data, we can find the GP posterior mean, f,, where X is the
training data of joint angles for arm configurations we examined, X, is the test data of
joint angles for the joint position desired, y is the vector of our arm static data p, K(X, X)
is the covariance matrix between points of the training data with added noise variance,
g2, and K(X,, X) is the covariance matrix between points of similar training data and test
data. Utilizing Equation 6 with our data, we can find the GP posterior covariance,
cov(f.), where K(X,,X.) is the covariance matrix between points of the test data, / is an
identity matrix, and K (X, X,) is the covariance matrix between training and test data.

The combination of Equations 5 and 6 predict the torques given the training data and new
joint angles. These equations are repeated for all 5 DOFs that constitute the joint
position. Therefore, using the identity equations for GPR, the accumulated p and R
training data can be used to estimate p(q.) and R(q.) values for a set of desired test
inputs.
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a
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tetraplegia as the model (Wolf, 2017). Calculated muscle stimulations were then
implemented into an implanted FES neuroprosthesis to provide electrical stimulation to
various arm muscles in the human subject and can maintain the desired position. Using
this knowledge, the controller we developed can be expanded for implementation into
human trials by adding a third controller block to invert recruitment curves to convert
muscle activations obtained by the second block of the controller to muscle stimulation
inputs. Stimulation inputs are necessary for implementation into an FES neuroprosthesis
implant as they are the electrical amplitude equivalents of the muscle activations required
to recreate movement in a human arm. Future research will add this third controller
block to attempt to recreate simulations into human high-level tetraplegia subjects. This
thesis focused on least squares muscle activations to reduce potential muscle fatigue
when implementing into human subjects. The ability to identify muscle activations
capable of static holding allows for further investigation into the development of

transitional movement between these points.
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reduce potential errors, an initial set of PD controller gains was used to initially move the
arm into the static position while no muscles were activated. The PD controller gains
were removed and the specific muscle activations for the static position were applied to
the arm to hold the static position for 5 seconds. Once the arm had been held in place
with the muscle activations, an external force was implemented for another 5 seconds to
introduce a disturbance to the arm being held static. Implementation of the disturbance
was performed by forcing the hand to 13 evenly spaced positions, determined from the
sample size calculation, for each 5 cm, 10 cm, 15 cm, and 20 ¢cm distance sphere around
the static joint position. After 5 seconds, the external force was removed and the arm was
allowed to move freely exclusively using the muscle activations. If muscle activations
returned the arm near to the static joint position, the arm was determined to still be within
the basin of attraction. The static position was determined to be an equilibrium point if
the arm was moved to the 5 cm sphere and returned to the initial position within the
sphere. The final estimated size of the basin of attraction was identified as the largest
sphere size reached in which the arm still returned back towards the initial position and
within the 5 cm sphere size. The chosen static position, ending position obtained, and
distance between the two was recorded for each sphere, with the simulation being
repeated for all 20 static joint positions. The averaged Euclidean distance between the
static position and ending position obtained was used to determine the accuracy of the
simulations. Additionally, a two-way Analysis of Variance (ANOVA) was conducted to
examine the effect of sphere size and position in the workspace on the overall distance

from the target position.
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equilibrium position, as seen in Figure 10(a). However, when the arm was moved to
distances greater than 15 cm from the initial position, muscle activations were unable to
overcome the distance and the arm could not adequately return to the static equilibrium
position, as seen in Figure 10(b) below. For all 20 static positions, the averaged distance
between the initial and final position when moving the arm to the individual spheres was
calculated and can be seen in Figure 11. This data verified that muscle activations were
successful at returning the arm to its initial position when moved to distances at or below
15 cm. Moving to distances above 15 cm, the arm was outside of the basin of attraction
and muscle activations alone were not enough to overcome the distance. During
simulations, it was noticed that when the arm was moved to a position on the 20 cm
sphere below the target position, the muscle activations were unable to overcome the
distance and gravitational forces, and the arm remained close to the position on the
sphere. When the arm was moved to a position on the 20 cm sphere above the target
position, the muscle activations moved the arm towards the direction of the target point,
but the gravitational force and inadequacy of the muscle activations at further locations
resulted in the ending position being lower than the target position. Therefore, we were
able to limit the size of the basin of attraction to between 15 and 20 cm around the initial
joint position, regardless of joint configuration, while using 15 ¢cm as the more

conservative estimate.
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When examining arm movements during the simulations, it was noticed that the arm
did return towards the original target position, but ended up at a different ending position
area for each simulation. Although these ending positions were relatively close to the
original positions for the 5, 10, and 15 cm basin sizes, it was interesting to note that the
arm did not completely return to the original equilibrium position. An example of the
movements of the arm coordinate positions over the course of the simulation can be seen
in Figure 12 below for one arm position that was moved to points on the 5, 10, 15, and 20
cm spheres. These graphs show that the arm starts at the original equilibrium position
and then is moved to coordinates of the particular sphere basin at 10 seconds. The
external force is then removed at 15 seconds and the arm is given the rest of the
simulation to return to the equilibrium position. It was apparent that as the arm was
moved to the farther distanced spheres, the arm returned to ending positions further away
from the original position, until it no longer adequately returned from the 20 cm sphere.
These results could mean that there were multiple equilibrium positions for each
simulation pattern, that there were undamped oscillations within the PD controller, that
there was unaccounted for elasticity that is common in muscle models, or that
implementing activations in a static model can potentially alter the static equilibrium
position. The graphs identify that the simulations eventually settle out to an equilibrium
point that is different, but relatively close, to the initial position, and future research will

examine the exact cause of these results.
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allows the muscle activations to return the arm to the initial position. The basin of
attraction was limited to 15 ¢cm, as when the arm was moved to distances beyond this,
muscle activations did not return to the equilibrium position. These results were
significant in that they expanded on previous research that only examined the capability
of static holding and provided an identifiable space around static positions capable of
returning the arm. Additionally, current research has successfully utilized the basin of
attraction with FES to develop a controller for lower limb muscle groups to stabilize
posture, showing that a control strategy is an effective method in FES subjects
(Ruhbakhsh, 2015). In our research, it was noted that the basin of attraction simulations
were performed on a computer-simulated human arm of predetermined weight and
length. The simulations would have to be recalibrated with the measured weight and
length of the specific patient to ideally recreate the simulations in a human patient.
Identifying static positions as equilibrium points and determining the size of the basin of
attraction determines how far the equilibrium points can be from each other to adequately

achieve controlled arm movements between these points.
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joint positions using the process seen above Figure 14. Once the muscle activations for
each position were found, an initial set of PD controller gains were used to move the arm
to the starting joint position of the path while no muscles were activated. The PD
controller was then shut off and the muscle activations for the starting position were input
to allow activations to keep the arm static for 15 seconds. The simulated arm comes to
equilibrium in 5 seconds, but was given 15 seconds for these simulations to completely
settle into the equilibrium positions and minimize muscle perturbations. The muscle
activations for the intermediate position then replaced the muscle activations for the
starting position and were left in place for 15 seconds to allow the arm to move freely
from the start position and settle into the intermediate position. Lastly, the muscle
activations for the intermediate position were replaced with the muscle activations for the
ending position, which were again left in place for 15 seconds to allow the arm to move
freely from the intermediate position and settle into the ending goal position of the path.
Once the PD controller was removed, muscle activations were the only stimuli allowed to
move the arm from point-to-point. To estimate the accuracy of the simulations, the final
position of the arm was recorded and the distance from the final position to the ending
goal position was calculated. The simulation was repeated for 10 different paths, chosen
from two of the static position points that were roughly 20 to 30 cm apart in the
workspace, with an intermediate position being chosen for simulations within the basin of
attraction. Some of the paths were chosen to simulate a variety of typical daily activities
such as eating, grooming, and reaching to examine the performance of obtaining every

day movements by starting in front of the body and ending near the face or hair.
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transitioning equilibrium points. It was of interest to note that the simulations performed
point-to-point movements by direct control of muscles without access to a higher brain,
in contrast to the need for motor innervation from a higher source in the Equilibrium
Point Hypothesis principle of motor innervation. Despite the success of the findings, one
of the limitations of these simulations were that they focused only on equilibrium points
roughly 10 to 15 cm apart and 20 cm apart in the workspace. Future simulations could
evaluate a broader range of distances to examine the accuracy of the arm to perform even
more position-sensitive movements such as eating or drinking. Additionally, in these
simulations, the arm was given 15 seconds between each position to settle into place.
This is much longer than the 5 seconds necessary for the arm to settle and was used to
give the arm extra time to remove any potential perturbations. Future simulations will
reduce this settling time to achieve a more realistic timing of human arm movements. In
these simulations, our findings determined that transitioning between equilibrium points
along a path via the activation of various muscle groups is successful and capable of full-

arm reaching movements in a simulated human arm.
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positions in the workspace. This finding agreed with current research that has developed
a controller capable of identifying muscle group stimulations for holding a human arm in
position with a FES neuroprosthesis (Wolf, 2017). Second, the static positions were
identified as equilibrium positions for a set of initial conditions as they could return the
arm to the initial position when the arm was moved away by an external force. Third,
basin of attraction simulations identified that a 15 cm basin of attraction exists around
each equilibrium position. Within the basin of attraction, muscle activations could return
the arm back to the initial equilibrium position, irrespective of position in the workspace.
Identifying equilibrium points and basin of attraction size allowed point-to-point
movements to be examined by separating distant paths into manageable equilibrium
points within the basins of attraction. In our research, a computer-simulated human arm
model was used in place a patient with an implanted FES, limiting the research to strictly
virtual models. However, the virtual model allowed more simulations to be conducted as
muscle fatigue or limited patient time would not occur. The weight and length of the
virtual arm was obtained from cadaver studies and was used to determine the feasibility
of our hypothesis. Once the arm data of a patient has been identified, the controller can
be recalibrated and repeated with these measurements to allow for patient-specific joint
data and to verify if the size of the basin of attraction is consistent among arm
measurements. The success of these simulations supported the Equilibrium Point
Hypothesis in that full-arm movements are feasible between equilibrium points. Despite
the limitations in this research, the findings have demonstrated that arm movement
utilizing muscle stimulations is controllable can be achieved for full-arm reaching

throughout an identified workspace.

56



Current researched focused on FES has made great strides in upper limb
movement in high-level tetraplegia, but still lacks the ability for complete mobility and
independence. One current human research study has demonstrated that muscle
stimulations for a specified joint position can be generated from a controller using a
human subject with high-level tetraplegia as the model (Wolf, 2017). In both this
research and ours, a controller was developed capable of generating muscle activations to
hold an arm in a specified joint position. However, the human subject could only achieve
static holding with the aid of a robotic arm, whereas simulations performed in our
research were capable of movement within a reasonably small basin of attraction. Other
FES research trials have shown promise in successful muscle or nerve stimulation or
potential full-arm movement (Ajiboye, 2017; Pedrocchi, 2013; Ho, 2014). However,
these research trials lack effective control methods for upper limb movements as they
focused on a single joint aided by arm support. Our research presented a more general
method of control for upper limb movement by developing a controller capable of

determining muscle activations for movement between equilibrium points.

The potential for FES technology to allow high-level tetraplegia patients to regain
some level of mobility in their upper limbs gives them a greater chance at leading a more
normal and independent lifestyle. The findings in this research aim to improve the
current methods — Braingate and MUNDUS - available to high-level tetraplegia patients
and provide them with a potential functional method of obtaining upper-limb movements.
Future research aims to identify the physical arm data of a high-level tetraplegia patient
to recalibrate the two-part controller. The controller can then be used to implement

muscle activation data for an identified human patient. Adding a third block to the
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controller to convert muscle activations into corresponding muscle stimulations would
allow them to be utilized by an implanted FES neuroprosthesis. The simulations can then
be performed to attempt to recreate the simulations in a human arm patient. The research
presented in this thesis can provide much needed full-arm reaching movements to high-
level tetraplegia patients, which is currently lacking by current research methods present

today.
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