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ABSTRACT

Current myoelectric prosthesis control methods lack personalized tuning based on
individual user preferences leading to potentially suboptimal user performance. This thesis
introduces a model for personalized myoelectric prosthetic control, integrating user
preferences into device dynamics through an optimization approach. Drawing on principles
of computational motor control, evolutionary multi-objective optimization, and control
theory, the model identifies optimal device dynamic parameters based on user preferences
for effort, movement time, and reliability. Results from our simulated prosthesis model
suggest that customized prosthetic devices could appreciably improve movement outcomes
compared to conventional devices. This study provides a foundation for intuitive and
effective prosthetic device control. These improvements may have potential applications

beyond prosthesis including various human-machine interfaces.
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1. Chapter 1: Introduction

Several day-to-day tasks in our lives require interaction with machines or devices [1].
Many of these devices are ubiquitous, like the computer mouse, keyboard, and car that
we drive to work. Additionally, there are more specialized devices like prosthetic limbs or
wheelchairs that greatly enhance the mobility and independence of users who may
otherwise struggle with movement. In this work, we refer to any human interaction with
such devices as occurring through human-machine interfaces (HMIs). These HMIs take
input signals from the user and translate these signals to provide the required results for the
user—Ilike moving a cursor on a screen based on the position of a physical mouse or

enabling a prosthesis user to hold a cup of water using their electrical muscle activity.

Irrespective of the device, whenever a human interacts with a machine, both parties play a
role in determining the outcome. If the amount of fuel consumed as a car is driven is being
monitored, the skills of the driver and the car’s fuel efficiency play a role in determining
the outcome. A different driver or vehicle could give altered results even if the exact same
route is taken under identical external conditions. The optimal outcome can be achieved

only when the goals of both the user and the designer of the machine are aligned.

People and animals instinctively modify their input to devices they interact with to achieve
their performance goals [2], [3]. For example, a driver might accelerate when they go up a
hill to maintain the speed of the car. However, machines themselves have specific
dynamics that are sometimes adjustable/tunable, which dictate how they respond to the

user’s input. For a car, these adjustable dynamics come in the form of the driver mode
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settings, which affect how the machine responds to a user’s input, like how quickly the
vehicle can accelerate or decelerate based on the user’s input. Despite people implicitly
adjusting their input to achieve their goals, and cases of general settings such as these

driving modes, machines are typically not tuned with the user’s performance goal in mind.

In this work, it is hypothesized that the default mapping of most HMIs produces suboptimal
movements as they do not account for the performance goals of the user. For the focus of
this thesis, myoelectric prosthesis are adopted as the HMI device under investigation to
understand how the device tuning affects user performance. The central thesis of this work
is that optimizing the machine dynamics to align with the user’s performance goals will
enhance the overall user performance. For a prosthetic device, it is hypothesized that
optimally tuning the device dynamics according to the user preference or performance

goals will lead to improved performance.

The overarching goal of this thesis is to advance understanding of human-machine
interaction, specifically for a user interacting with a myoelectric prosthesis, by exploring
how coupling the device tuning with user performance goals can improve the interaction

outcome. This objective is implemented through the following specific aims.

1.1 Specific aims

Specific Aim 1: Create a model of the human-machine interaction scenario in which a user
interacts with a prosthetic device using myoelectric signals.
Develop a mathematical model grounded in engineering principles to quantify the

relationship between the prosthetic device tuning parameters and the user’s performance
2



goals and priorities. This objective was attained by leveraging computational motor control
techniques to create a model of user-device interaction that incorporates specific

movement-relevant performance goals that the user can adjust.

Specific Aim 2: Investigate the impact of performance-based device tuning

Examine how optimizing the device tuning parameters according to the user’s performance
goals influences the overall task performance requiring a human-machine interaction. The
model developed from Aim 1 was used to simulate the interaction scenarios and to assess

the performance of a simulated user interacting with a tunable HMI.

1.2 Significance

The findings of this research indicate that people’s performance when interacting with a

device can be improved by coupling the device parameters to the user’s goals.

An important contribution of the proposed algorithm is to potentially simplify the
customization and calibration process of assistive devices like prostheses. Conventionally,
the calibration of these devices requires a clinician to manually tune several abstract
parameters that are not directly related to the user’s movement objectives. This study
provides an alternative that could aid the clinician and significantly reduce the time

required for device customization and the overall calibration process.

An extension of this work could have far-reaching impacts on device manufacturing, for
devices that can benefit from user-based tuning. The HMI devices with parameters that can

be adjusted to improve the user performance, could result in increased uptake, acceptance,



and usage if they are produced with preference-based tunable parameters that are user

accessible.

1.3 Innovation

This study frames the user-device interaction problem using a mathematical model that is
posed from the perspective of cost functions or user goals. The idea of coupling the device’s
tuning parameters to these goals and optimizing these tuning parameters to minimize the

cost to the user completely reframes the traditional device tuning approach.

Another novel contribution of this work is the incorporation of the concepts of multiple
objective and virtual device tuning parameters within the context of computational motor

control.

1.4 Overview/ Thesis structure

The following chapters of this thesis describe the necessary background information, the
mathematical framework of the model, the tests run on the developed model, and the results
obtained from the study. Chapter 2 delves into a review of the relevant literature in the
fields of movement modelling and multi-objective optimization. A detailed description of
the developed model and the optimization algorithm used is included in Chapter 3.
Chapter 4 presents the results and findings obtained from the various tests conducted on
the model. Chapter 5 includes a high-level discussion of the results, acknowledges the
limitations of the study, and lists the potential future research that could be built on this
work. Finally, Chapter 6 ties everything together by summarizing the key contributions of

the research and highlighting the significance of the work.



2. Chapter 2: Background information and literature review

The primary motivation for this work comes from the field of myoelectric prostheses.
Regular upper limb prosthesis use for unilateral amputees can have several benefits,
including improved symmetry and better function in a personal, social, and professional
context [4]. Yet, a large number of users reject their prosthetic devices and choose not to
continue using them regularly [5 - 7]. Some of the reasons generally stated for this rejection
include a lack of intuitive control of the device, lack of sensory feedback from the device,

and the long training time required to learn and use the device [8].

The goal of this thesis was to understand if changing the effective device dynamics or the
input-output mapping behaviour of the prosthetic device based on the user’s movement
goals could improve the user’s experience with the device. It is expected that a better user
experience with the device could potentially increase the uptake and usage of prostheses.

For a powered prosthesis, the device mapping is generally adjusted during the calibration
or tuning phase, in which the clinician manually adjusts the tunable parameters of the
device based on their observation of the patient and their interaction with the device. This
thesis proposes a prosthesis calibration algorithm that could help the clinician as they adjust
the device for different individuals. Because the concept of tunable parameters applies to
most HMI, we can build a generalized mathematical model that can inform the users how
the device behaviour could be adjusted to improve the user’s overall performance. To build
a model that informs device tuning, tools and techniques from different fields were used,

including computational motor control, control theory, and optimization.



The field of computational neuroscience, or computational motor control (CMC), describes
how human movement behaviour changes according to the costs and rewards associated
with an action [9 - 11]. Framing the problem of human behaviour and movement using the
cost and reward functions help create mathematical models of stereotypical movement and

movement behaviours.

Optimization is a fundamental concept in mathematics and engineering that seeks to
identify the optimal solution for a given problem by minimizing or maximizing an
objective function while satisfying problem-specific constraints. By systematically
exploring the solution space, optimization techniques allow the decision-maker to make
informed choices, leading to resource savings or improved productivity or performance.
There are two broad approaches to finding optimal solutions — the classical mathematical

approach and evolutionary or heuristic algorithms.

The field of multiobjective optimization is associated with multiple-criteria decision-
making in which several potentially conflicting costs or objective functions are optimized
simultaneously [12] This concept allows the broadening of the conventional
computational models of motor control and helps to explain how the generated motor
commands differ based on the user’s preference for the multiple criteria or the cost
functions involved in motor control. In practice, people simultaneously care about several
aspects of movement, like the amount of effort required to perform the action, the time
required to complete the action, and the likelihood of success [11]. So, creating a multi-
objective motor control model in which the user’s prioritization of these individual costs

can be varied was the essential first step to ensuring that the model has practical relevance.
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The following sections describe a detailed discussion of the computational motor control
model, the concept of performance goals, the terms and background necessary to
understand the basics of multi-objective optimization (MOO), and the concept of virtual

dynamics.

2.1 Modelling human movement using computational motor control tools

Humans and animals show high degrees of regularity in their movement. They show
consistency and repeatability in specific movements as well as high-level movement
behaviours. Movements like eye saccades [13] and gait [14] have been studied empirically
and show repeatability in output behaviour within subjects, as well as broadly across the
populations. High-level movement behaviours like foraging patterns in birds show that
birds change when they walk or fly to get their prey based on the net rate of energy gained
from the action [15]. All biological beings show this movement regularity because every
movement is a result of an optimal motor planning strategy that tries to maximize the
reward or the value that we attain from the movement by minimizing the costs that

negatively affect the value obtained from the movement [11], [16], [17].

It is believed that the basal ganglion of the brain is responsible for learning the rewards
associated with an action and calculating the motor execution that maximizes these
rewards [18], [19]. The basal ganglia can calculate these motor executions based on our
brain’s representation of our body and the world around us. These abstract representations
built by our nervous system are called internal models [20], [21]. The concept of the
internal model and the meaning of the costs and rewards that it uses to determine the best

movement strategy are described in Section 2.1.1 and Section 2.1.2.
7



2.1.1 Internal models to describe motor control

Internal models are computational representations of how our nervous system keeps track
of our physiological and external world parameters [21]. These internal models within our
brain allow us to make predictions based on our past observations and make corrections to
movements if a disturbance occurs [22 - 24]. From a control theoretic point of view, the
internal model can be thought as the brain’s approximate description of the dynamics and
parameters of our movement apparatus, like our limbs and eyes, and the external world in
which we are present. For example, internal models keep track of parameters like the

weight of a limb, the acceleration due to gravity, the viscosity of the environment, etc.

There are two types of internal models — forward and inverse models [20]. Forward models
predict the sensory consequences of motor commands. For example, the forward model
helps predict how a ball would move once it is struck. They are termed forward models
because they help predict the effect based on the cause. Inverse models, on the other hand,
estimate the motor commands required to achieve a desired sensory state. For example, if
the desired trajectory for a ball to travel is known, the inverse model determines the
necessary control signal that should be used to strike it. They are termed inverse models
because they determine the cause that produces the desired effect. Our brains utilize both

the forward and the inverse internal models in sensorimotor control.

Knowledge of the parameters in the biological internal model to optimize the movement
trajectory or calculate the best course of action that maximizes the reward
obtained [10], [22 - 24]. The best strategy is the one that gives the person the most value

or reward for performing a given action [25], [26].
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Computational motor control aims to mathematically describe these brain models and their
relevant optimal movement strategies. This does not mean that these math models are the
same as those used by the brain, but that they are capable of approximating the overall

behaviour of the brain model.

2.1.2 Cost functions in biological systems

The biological internal model computes the best movement strategies for motor control by
maximizing the reward that it gets from the action. Using computational motor control, we
can describe these optimal motor control strategies as those in which the value of the
movement reward is worth the costs of effort and time required to reap the rewarding state
of the action. For example, if we were to pick a dessert from a collection of assorted
desserts, we would reach for our favourite one first, because it gives us a larger reward in
terms of the dopamine release in our brain. But the action of reaching to pick this dessert
comes with its own metabolic costs and the brain is evolutionarily trained to minimize this

cost.

These ‘costs’ are mathematical representations of quantities that our nervous system tries
to minimize when generating motor commands [11]. Several cost functions like
effort [25], [26], metabolic energy [14], [27], endpoint variance [28], and trajectory
smoothness [29] have been used to describe specific movements. This diversity in the
literature suggests that humans optimize a combination of different costs [30 - 32]. In real
life, we care about several conflicting costs. For example, the comfort of the passengers,
fuel efficiency, and the time required to reach the destination and important on a drive; the

driver will modify how they drive according to their priorities.
9



One of the most popular laboratory tasks that tell us about the tradeoff between conflicting
goals is the Fitts’ style reaching task [33]. Fitt’s law is commonly used in the fields of
human-computer interaction [34], user experience [35], [36], and studies involving the
usability and performance of electromyography signal classifiers [37], [38]. The original
Fitts’ task was set up as a reciprocal reaching task in which the subjects were asked to land
a stylus within an acceptable tolerance of a target that was placed at different distances.
The subjects were asked to make the reaches as quickly as possible such that they

maximized the number of targets they reached within a finite block of time.

The results of the Fitts’ study showed that the movement time of the subjects increased as
the distance between the targets increased, and the movement time increased as the
acceptable tolerance of the targets decreased. This latter result is commonly referred to as
the speed-accuracy tradeoff because of their inverse relationship. If the targets have a
smaller acceptable tolerance or width, the participants must slow down and take more time

to stop within the acceptable target range.

This observed speed-accuracy tradeoff in reaching tasks could be explained by the internal
model simultaneously optimizing for the two conflicting costs of time and reaching
accuracy. Though computational models have considered scalarized costs that are a
combination of different conflicting costs like effort and accuracy [24], [39], [40], the
literature has not yet explained how the user prioritization of these costs can affect the
generated movement, even though it is clearly observed in real-life actions. Hence, this

work incorporates the idea of multi-objective optimization with user-adjustable cost
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preference weights within the context of computational motor control models, aiming to

make them more generalizable and bring the mathematical models closer to reality.

2.2 Multi-objective optimization

Multi-objective optimization (MOO) is a field of multi-criteria decision-making in which
optimal decisions should be made when there is a trade-off between different goals [41].
MOO is often used in engineering design, manufacturing, and product monitoring

applications [42], [43] to help make a design or policy choice.

The field of MOO has contextualized how an optimization problem can be expressed when
several costs are involved. The costs could be optimized independently, or the priorities/
trade-off points between the different goals could be expressed to identify the best solution.
Whenever a problem has contradictory or conflicting goals/objectives, there is no single
best solution; an infinite number of optimal solutions exist depending on how the different

goals are prioritized.

In what follows, Section 2.2.1 describes an overview of the terms and definitions of MOO.
The high-level classification of MOO techniques and the goals of MOO solvers are
described in Sections 2.2.2 and 2.2.3, respectively. Section 2.2.4 expands on the
interpretation of the MOO coefficients or the preference vectors and explains how they

should be interpreted.

2.2.1 Terms and definitions

0] Space: refers to the mathematical landscape that consists of the objective functions

or design variables.
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(i) Set: refers to a mathematical set or group of points within the landscape.

(ili)  Objective function: refers to the function or mathematical expression that
measures the quality of the solution. The goal of any optimization problem is to either
maximize or minimize the objective function. The minimization and maximization actions
are interchangeable, and in the rest of the document, the objective function is defined as
needing to be minimized, unless specifically mentioned otherwise.

(iv)  Design variables: refers to the input parameters or the decision variables of the
optimization problem that can be adjusted to achieve the minimal objective function value.
Examples of common engineering design variables include the dimensions, weight, or type
of material used in the design. For an HMI device, some of the common design variables
could include the gain or sensitivity of the device, sensitivity to input change, acceleration,
etc.

As designers, we control the design variables. The objective function value

corresponding to the design variables measures the quality of the solution.

(V) Objective space / Criterion space: refers to the space that consists of all the
objective functions involved in the multi-objective optimization problem.

(vi)  Design space / parameter space: refers to the space that consists of all the design
variables that can be altered to improve the objectives of interest. Each design variable will
be an axis in the hyperspace.

Consider a MOO example of manufacturing a beam such that the monetary cost and the
deflection of the beam is minimized. This can be implemented by changing the length,
breadth, thickness, and width of the beam. For this problem, the design space is four-

dimensional and consists of four axes: the length, breadth, width, and thickness of the
12



beam. The objective space is two-dimensional and consists of two objective functions: the
fabrication cost and the deflection of the beam.

Any point in the parameter space can be converted to the objective space by evaluating the
value of each objective function corresponding to the parameter space point.

(vii) Optimality: Mathematical optimization refers to the process of finding the best
design variables with regard to the objective function criteria from the set of available
alternatives. The condition for optimality for single and multi-objective problems is

different, as described below.

For a single objective optimization problem, the optimality of the solutions is simply based
on the value of the objective function. The region considered for the optimality separates
the solutions into local and global solutions. A locally optimum solution for a single
objective optimization refers to the point in the design space with the least objective
function value within a locally defined region of the input space. A globally optimal
solution for a single objective optimization problem is the point in the design space with
the minimum value of the objective function within the entire design space. If the objective
function and constraints are convex functions and the search space belongs to a convex set,

the locally optimal solution is also guaranteed to be the globally optimal solution.

For multi-objective optimization problems, there is no clear minimum, as what decreases
the value of one objective function can increase the value of another objective. The
optimality of the solutions is defined in terms of its Pareto optimality [44], [45]. The region
considered for the optimality separates the solution into local and global solutions. A

solution is locally Pareto optimal if there exist no other feasible solutions in its
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neighbourhood that dominate it. A solution is globally Pareto optimal if it is not dominated
by any other feasible solution in the entire search space [46]. The definitions for the terms
domination and Pareto optimality are discussed in detail below.
(viii) Dominance: If we take the example of two potential solutions Al and A2, in the
feasible objective space, then solution A1 dominates solution A2 if and only if:

- Solution Al is no worse than A2 in all the objectives AND,

- Solution Al is strictly better than A2 in at least one of the objectives.
To better understand the concept of dominance, let us consider a simple MOO problem of
simultaneously minimizing the two mathematical objective functions f; and £, according
to the design variable x :

fix) = (x +1)?,
fo(x) =5+ (x — 2)2. (2.1)

Let us define 4 solution points A, B, C, and D, as the solutions given by setting x = -2,
x =0, x =1 and x = 3, respectively. The objective function values at each of these points
is as given below in Table 1. The objective space visualization of the 4 solution points A,

B, C, and D are shown in Figure 1.

Solution point B clearly dominates solution A — even though the value of the first objective
function remains the same, the value of the second objective function of B is much smaller
than that of A. Similarly, Solution C dominates Solution D — as the first objective of
solution C is lower than the corresponding objective of solution D even though the second

objective function values are the same.
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However, if solutions B and C are compared, neither solution dominates the other, as an

improvement in one objective function results in a worse value for the second objective

function.
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Figure 1: Objective space visualization of the Simple MOO example (Eq 2.1). The

Objective function f2

dashed blue line corresponds to the objective space representation of the points
displayed in Figure 2. The solid red line highlights the hyperplane created by
connecting all the non-dominated solutions in the objective space (Pareto front). The

solutions from Table 1 are labelled accordingly.
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Table 1: Solutions points for sample MOO minimization problem from

Equation (2.1)

Design Variable Objective function | Objective function
f1 f2
Solution A x=-2 fix==-2)=1 folx =-2)=21
Solution B x=0 fix=0)=1 fb(x=0)=9
Solution C x=1 fix=1)=4 Lx=1)=6
Solution D x =3 fix=3) =16 L(x=3)=6

(ix)  Pareto solution/Pareto optimal point: A point x* is Pareto optimal if there is no
other point x in the feasible criterion space that improves at least one objective function
without worsening another objective [47]. In other words, a Pareto optimal solution is one
that is non-dominated.

If we reconsider the MOO example from Equation (2.1), the individual objective functions
f1 and £, have their minimum values at x = -1 and x = 2, respectively. If we look at this
problem in the context of MOO, any value of x in the range of [-1,2] will lead to solutions
such that we cannot reduce one objective function without increasing the value of the other
one, as shown in Figure 2. Any solution with x in the range of [-1,2] is, hence, a Pareto
optimal solution or a Pareto optimal point.

Note that the Pareto optimal solutions are discussed in terms of the design space.

(x) Non-dominated set: Given a set of solutions, the non-dominated set is the group

of solutions that are not dominated by any member of the set. From the above example, the
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design parameters of points B and C will form the non-dominated set when the solutions
A, B, C and D are considered. This is indicated in the objective space visualization of the

example problem in Figure 1.
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Figure 2: Comparison of the two objective function values, f, (dashed blue) and f,
(dotted red) for a range of design variable values. The dotted vertical lines indicate

the range of x values that belong to the Pareto optimal solution set.

2.2.2 Classification of MOO

For a multi-objective problem, several “optimal” solutions exist such that no objective can
be improved without degrading at least one of the other objective function values. If a
single solution is to be identified from the ensemble of possible optimal solutions, a relative
preference for different objectives (or the lack thereof) must be defined. MOO techniques
are classified into four general categories based on how this user preference is incorporated

into the algorithm [48], [49].
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These categories are:

(i) No articulation of preference
(i) Apriori articulation of preference
(iii) A posteriori articulation of preference

(iv)  Interactive articulation of preference.

The no-preference methods do not assume the importance of objectives but use a simple
condition to obtain a single solution. The global criterion is commonly used when the
decision-maker does not have any expectations of the solution. In that method, the distance
between a reference point (for example, the ideal point) and the feasible space is
minimized [50]. The a priori methods use the information on the objective priorities before
the optimization and find one preferred Pareto optimal solution. The a posteriori methods
make use of the preference information after the optimization to select a preferred solution
from the points obtained in the Pareto front. Interactive methods use preference information
progressively throughout the optimization process and are the preferred approach when the
global preference structure of the decision maker is not known ahead of time. Throughout
the iterations of the optimization process, the decision maker adjusts and selects their
preferences based on the obtained solutions. For a detailed description of the classification
and different MOO algorithms used in the literature, refer to the reviews by Marler et

al. [48], [51].

There are broadly two types of solvers or algorithms that can be used to find optimization
solutions for any of the four categories of preference: classical mathematical approach and

evolutionary or heuristic algorithms. Classical techniques use mathematically appropriate
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functions to find the saddle points of the Lagrange functions and identify one optimal
solution point in a single simulation run. The evolutionary or heuristic methods, on the
other hand, can identify several solutions within a simulation run due to the population
approach and can be easily parallelized. However, the solutions obtained from the

evolutionary algorithms cannot be guaranteed to be locally optimal.

Evolutionary algorithms that incorporated a priori articulation of preference were used to
implement the full HMI model in this project. Hence, the focus of this document will be

on a priori articulation of preference using evolutionary approaches.

2.2.3 Linear scalarization

One of the most popular ways to express a MOO problem such that the priority of the
objectives is defined ahead of time is the Linear scalarization method. The technique
scalarizes a set of objectives into a single objective by pre-multiplying each objective with
a user-supplied weight or preference value. The weight should ideally correspond to the
importance of the objective for a given problem. If each objective of a multi-objective
optimization problem is represented by f;(x), where i € {1, ..., k} where k represents the
number of objectives in the problem, the linear scalarization methods would transform the
problem to be:
MR aifi(x) (2.2)

where the weight terms «a; are strictly positive.

Weighted sum optimization is a special case of the linear scalarization approach in which

the sum of the weights «; adds up to 1.
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Scaling each objective is essential when the individual objectives take different orders of
magnitude for a given problem. Scaling or normalization helps ensure that the objectives
are comparable and approximately equally important, thus allowing the user preference or
the weights to influence the optimal solution found.

One advantage of the scalarization technique is that the solution to any weighted sum
optimization problem is Pareto-optimal if the weights are positive for all objectives.
Additionally, for a convex MOO problem, any Pareto optimal solution can be found using
the linear scalarization or the weighted sum approach. However, there are also
disadvantages to this technique. For nonlinear MOO problems, a uniformly distributed set
of weights does not necessarily result in a uniformly distributed set of Pareto optimal
solutions, making it difficult to pick weight vectors that yield Pareto optimal solutions in
the desired region of the objective space. Moreover, different weight vectors do not
necessarily lead to different Pareto optimal solutions, and the linear scalarization approach

cannot find certain Pareto optimal solutions if the objective space is non-convex.

2.2.4 Goals of MOO

The main goals of any method used to solve a MOO problem are to find solutions that are
part of the Pareto optimal front and ensure that the set of obtained solutions is diverse in
the desired space: design space, or the objective space. Based on the application, it might
be more effective to look for diversity in a certain space. The focus throughout this
document will be to look for a diverse set of solutions in the objective or the criterion space,

as that is the space of interest in most engineering applications.
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The Pareto front will only have more than one point within it if the objectives considered
are conflicting. Whenever there is a set of non-conflicting objectives, the Pareto optimal
front will only have one solution; in other words, the best solution corresponding to any

objective function is the same.

2.3 Device dynamics and virtual dynamics

The ease of using any HMI greatly depends on the input-output mapping of the device. For
physical devices like the shock absorption system of a bike, device dynamics can be
described using the damping coefficient and the spring stiffness of the elements that make
up the shock absorber. The device dynamics of the physical system describe how it will

react to an input and the corresponding output it will produce.

Herein, the term “virtual dynamics” is used to refer to systems in which the input-output
mapping behaviour can be programmed by the designer. For example, a computer mouse
typically maps the input signal from the user (relative position of the physical mouse) to
the position of a cursor on the screen. On the other hand, most joysticks map the input
displacement to the velocity of the cursor on the screen. A designer programs the input-
output mappings of both these devices. Such devices are tuned using the device driver
software without having to swap out physical elements of the devices. Hence, these input-

output mappings can be referred to as virtual dynamics that the designer can program.

This work adopts the use case of myoelectric prostheses. These devices have their own
physical dynamics determined by the mechanical design of the device and the actuators

used. They typically also include a controller that can be used to determine the overall
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input-output mapping between the user’s EMG signal input and the corresponding
movement of the prosthetic limb. This input-output mapping describes the desired closed-
loop dynamics of the prosthesis and the controller. Because the controller can be
programmed to determine the closed-loop behaviour of the system, the closed-loop
behaviour can be considered to be the virtual dynamics of the device.

Specific device dynamic mappings or virtual dynamic mappings might be favourable for
different tasks [52-56] or could simply be preferred by different individuals [57]. The
current clinical standard for the control mapping of myoelectric prostheses is proportional
velocity control [58], which maps the intensity of muscle contraction to the velocity of the
device. Some of the mathematical filters used to achieve a virtual dynamic mapping include
the Kalman filter, 1 Euro filter [59], adaptive EMG filter [60], nonlinear recursive Bayesian
filters [61], [62], linear filters, and kurtosis filters [63]. The concepts of nonlinear dynamics
[10], [23] and blended control [24] have been independently explored in recent years.
Inspired by the superior performance of the velocity-squared control dynamic
mapping [23], the concept of a nonlinear blended virtual dynamic model is proposed in this
work, wherein the input control signal is correlated with the position of the joints of the
device and their derivatives, such as velocity and acceleration. This thesis aims to
investigate the influence of the user's preference (or the relative importance of costs) on

the optimal control mapping for a prosthetic device.
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3. Chapter 3: Methods

The two specific aims of this work are to create a model of the human-machine interaction
scenario of a user and their myoelectric prosthetic device and to investigate the impact of

performance-based device tuning.

To create a model of the HMI interaction scenario, reaching tasks were adopted for
modelling using optimal control theory to calculate the best set of motor commands that
minimized the costs associated with that action. Whenever there is a set of non-conflicting
objectives, the best solution corresponding to any objective function is the same. Due to
this condition, only movement-relevant costs that are conflicting were used to
mathematically simulate the biological internal model’s process of computing the optimal
motor control. Situations in which the objectives are not conflicting were not explored as
these non-conflicting objectives could easily be modelled as a single objective optimization
(SOO) problem instead. The hand-reaching models were hence reframed to be described
as tasks with multiple objectives requiring the participant's internal model to optimize for

the tradeoff between several costs to compute the best movement trajectory.

Inverse reinforcement learning algorithms aim to identify the objective function, which,
when optimized, results in the observed behaviour [64]. Simulation studies based on
inverse reinforcement learning [30], [65] suggest that the user priority for the individual
costs could change from one phase to another within an action and vary with time. These
cost priorities can also change from person to person [66]. For example, within a Fitts’ law
test, some participants might try to reach the center of the target, while others might prefer

to just make it within the boundary of the acceptable target so they can focus on improving
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the speed of the action [67]. Different tasks could also force the user’s cost priorities to
change [68]. For example, if the target size for a Fitts’ law task is reduced, the participants

are forced to move slower so that they can stop within the acceptable target width [69].

This work focuses on creating a model of how reaching tasks are optimized within the
internal model of humans. The composite costs of effort, accuracy, reliability, and time
sufficiently describe how humans consistently coordinate their joints and perform
movements [11]; these are the four costs that will be focused on for the remainder of this
thesis. The exact mathematical description of each of these costs and a description of how

they fit into the overall simulation model are specified in Section 3.1.

The research contribution of this thesis includes creating the HMI interaction model that
incorporates multiple objective functions and analyzing how the user preference level
impacts the optimal user input signal and the optimal virtual dynamic parameters from the
combined model. The HMI model consists of two parts: a model of a human user producing
EMG signal according to their relative cost preference and a model of a tunable myoelectric
prosthesis whose parameters can be adjusted according to the user preference. A block
diagram representing the parts of the model is shown in Figure 3. The model simulates a
single-degree of freedom (DOF) target-reaching tasks performed by a user of a myoelectric

prosthesis.
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Figure 3: Simplified block diagram representation of the User-Prosthesis interaction

model.

The human user part of the model determines the optimal control signal in the form of the
neural drive to perform an action based on computational neuroscience models. The
model’s optimal neural signals are then used to estimate what the surface myoelectric
signals from the user would look like. The tunable virtual dynamic of the prosthesis is used
to model the machine component of the HMI interaction. Because virtual dynamics are
used to represent the prosthesis, EMG signals from the human model are used as inputs,
and the output of the dynamics model gives the states of the end effector of the prosthesis.
The output, hence, provides the state trajectory and its derivatives like velocity and
acceleration.

The process of formulating the HMI interaction model can be discussed in three subparts
or phases. The first phase incorporates multiple costs within the CMC framework and
contextualizes user preference. The second phase involves modelling a human user’s EMG
output in accordance with the biological internal model theory when the user cares about
multiple costs. The third phase incorporates the tunable virtual dynamics of the prosthesis
to the human model so that the combined effect of the user interacting with a prosthetic

device can be studied. The full model allows us to understand the effect of the user
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preference level on the neural signals produced by the user, and the effect of the optimal
prosthesis parameters on the overall task performance.

A heuristic optimization algorithm (described in Section 3.5) was used to understand how
the user’s trade-off between the costs, also known as the user preference value, affects the
optimal control signals and the optimal virtual dynamic parameters within the model.

It is important to note that the HMI interaction mode (as shown in Figure 3) is set up as an
open-loop optimization problem such that the human user does not get feedback about the
progression of the device during the task. This choice of implementation means that the
user cannot correct their input signal to the device mid-trajectory to adjust or accommodate

for any undesired output from the device.

3.1 Incorporating multiple objectives for motor control

The first phase of this work involved selecting the conflicting costs that people implicitly
care about when moving their limbs and understanding how the user preference between

those costs can be described mathematically to combine these costs as a collective.

3.1.1 Costs considered for the task of interest

To constrain the scope of the project, only models that describe reaching tasks in which the
user intends to move the end effector of their prosthetic device from one point to another

using their EMG signals were explored.

EMG is inherently noisy and contains both signal-dependent and signal-independent
noise [70], which results in movement variability or errors at the endpoint. Because of the

nature of the task being modelled, the value of reward obtained from performing the reach
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would depend on the amount of effort required to produce the EMG signals necessary to
move the prosthesis, the time required to reach the target, the variance of the prosthesis
about the target when it comes to a stop, and the accuracy with which the user is able to
reach the target. The task was modelled with the constraints of having to necessarily reach
the target on average over several trials and always have zero velocity at the endpoint. The
variables that negatively affect the reward obtained from performing the task were

modelled as a composite cost that needs to be minimized.

The composite cost function for the model was composed of three costs and three
constraints.: The three movement relevant costs include the effort spent in making the
movement, the time required to execute the task, and the endpoint variance in reaching the
target. The cost of endpoint variance is referred to as the cost of reliability or the risk
involved in making the movement, as it represents the amount of uncertainty in reaching
the target [71]. Throughout this document, the terms “risk” and “cost of reliability” are
used interchangeably to refer to the cost of endpoint variance.

The cost of time for humans is well represented by a hyperbolic function, as described by

Haith et al. [72] and is given by:

1
1+8p’

Je=1- (3.1)

where B is the rate of temporal discounting and p is the time required to complete the
reaching task. The value of B in this model is set to 0.09, according to the temporal
discounting rate of humans, as observed in the study conducted by Jimura et al. [73]. It is
assumed to be always preferable to attain a reward sooner rather than later, so the longer it

takes to get the rewarding state, the smaller the value of the reward for the internal model.
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The cost of the effort was taken as the summation of the squared control signal u for the
entire movement duration. This is represented by,

Ju = Y0 u(t)?. (3.2)
The term u corresponds to the neural intent or the motor commands from the brain that
produce a movement in the skeletal muscles. The cost of effort prevents people from taking
actions that do not result in a valuable reward.

The cost of reliabiltiy was a function of the endpoint variance and is defined as:

Jr = El(g —x(@)'] - Elg — x()]?, (3.3)
where g is the goal or the target position, x(p) is the actual position of the device at the
end of the movement, and E[] represents the expected value operator. The cost of
reliability emphasizes the importance of the likelihood of reaching the target. The noise
inherently present in the EMG signals results in a stochastic distribution of the endpoint
states; in other words, the outcome cannot be perfectly predicted, nor can it be guaranteed
that the reward will be attained. This cost prevents people from taking action if the expected

reward is not worthy of the action.

Apart from these costs, three constraints (C;,C,, and C;) were added to create the
scalarized objective. The first constraint, C;, ensured that the target was reached on average

when the reaching trials were repeated several times,

C, = E[g —x()]*. (3.4)

The second constraint, C,, ensured that the device stopped at the end of the movement,

C, = E[x(p)], (3.5)
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where x(p) refers to the velocity of the device at the end of the movement.
The third constraint, C5, was added to include a penalty on large spikes in the initial
velocity to deter the control input from changing rapidly at the first timestep,

C; = E[x(1)?]. (3.6)

Here, x(1) represents the velocity of the device at the first time step of the movement.
These constraints were implemented by adding penalties to the cost function as described

by Stengel [74].

3.1.2 Combined cost function

The HMI interaction model assumes that the user is able to indicate their preference
between the costs or indicate how much they care about each of the conflicting costs
involved in the task. In the field of multi-objective optimization, knowledge of the user’s
preference is used in the a priori articulation of preference strategies to identify the best

solution according to the user’s preference level.

The linear scalarization approach was implemented to create a single scalar cost function
from the multiple costs by scaling each objective with a coefficient and adding the scaled

costs to create a single objective, as shown in Eq (2.2).

The conceptual meaning of these coefficients, also known as the weights, is that they
indicate the user’s preference for each cost. In order words, the cost that is more important
to the user has a weight value greater than a cost that is of lower importance to the user.
This direct correlation between user preference and the weight value of the different costs

makes intuitive sense if the individual costs themselves are comparable. But more often
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than not, the individual costs cannot be directly compared as they correspond to different
quantities — and a direct comparison would look like comparing apples to oranges. When
the problem is not adjusted to account for the difference in the magnitude and the range of
the different objective functions in a multi-objective problem, the interpretation of the

weights in the linear scalarization method will be incorrect [75].

The objective functions involved in movement, including the costs of effort, time, endpoint
variability, and accuracy, have vastly different relative magnitudes, different ranges in
terms of the values that they can take, and different dimensionality or units that they can
take. For a reaching task, the cost of accuracy is expressed in units of distance, whereas the
cost of effort is in terms of the magnitude of neural drive which doesn’t have any physical
measurable units. Because the value of the multiplier weight is meaningful relative to the
value of the other weights and the absolute magnitude of each weight is irrelevant [75],
individual costs themselves must get transformed such that they are comparable when
added together to create a single weighted objective. There are several ways to perform
this translation: the user preference can be expressed as a scaled function of the average
value of the individual costs, the maximum value of the individual costs, the minimum

value of the individual costs, or as a function of the range of values for each cost [75-77].

With the HMI interaction model, transforming the individual costs and normalizing them
about the average, maximum, minimum, or range of values that each objective can take is
not appropriate due to the practical relevance of the model - the minimum possible value
for each of each individual cost is zero, there are no mathematical limits for the maximum

effort or time required for a movement, and the average and the range of these costs depend
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on the parameters of the task itself. Hence, the transformation was implemented by
linearizing the individual cost functions about the region in which clinicians and patients
might operate. It was assumed that an arbitrary time of one second would be required to
make a 10 cm reaching task using a prosthetic device with proportional velocity control
dynamics, which is a feature commonly available in most commercial myoelectric
prosthesis [78]. Proportional velocity control refers to a method where the speed and the
force of the prosthetic hand’s movements are directly proportional to the magnitude of the
electromyographic signals generated by the user’s muscles. It was also assumed that the
user would perform a minimum jerk trajectory [79] to reach the target and operate around
35% of their maximum voluntary contraction levels. This submaximal muscle contraction
intensity was selected to simulate sustainable contractions in daily activities without
fatigue [80]. The trails were repeated to get a reliable average of the costs due to the
stochasticity in the problem. The total number of simulated trials was selected based on
when the average costs stabilized and plateaued. A total of 100 reaching trials to the target
were simulated, and the average individual costs for effort, time, reliability and constraints
were used to normalize the respective cost functions. The individual objective functions
were normalized such that the magnitude of the average values of individual costs were
comparable and within the range of [0.99 to 1.3]. Once the individual weights were
comparable about this practically relevant operating point, the magnitude of the weights

could be used as a proxy for the user’s relative preference between the different costs.
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The total cost was defined as the weighted sum of the three cost functions (Eq 3.1 to Eq
3.3), the two stopping constraints (Eq 3.4 to Eq 3.5), and the penalty on the initial spike in
velocity (Eq 3.6) and was represented by:
Jrotar = ®1-J¢ + az. ]y + a3.], +100C; + 10C, + C5 (3.7)

The relative weights of the individual cost functions are represented by the coefficients a;,
a, and a5. Four different user preference scenarios were tested. To represent a situation in
which the user cares equally about the effort, time, and reliability costs of reaching the
target, the coefficients a;, a, and a5 were all set to one. To represent circumstances in
which the user cares more about one of the individual costs, the corresponding preference
level, or a value, was set to five, while keeping the other preference levels at one as shown
in Table 2. The coefficients of the two constraints C; and C, were based on
recommendations from the supplementary notes of the modelling work done in [24]. The

coefficient of C5 was set to unity to add a small penalty for spikes in the initial velocity.

Table 2: List of tested user preference conditions and their corresponding user

preference values.

Preference condition Preference vector a = [a4, a5, as]
Equal preference [1,1,1]
Time prioritized [5, 1, 1]
Effort prioritized [1,5,1]
Reliability Prioritized [1,1,5]
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3.2 Human part of the HMI model

As shown in Figure 3, the HMI interaction model consisted of two parts: a model of a
human user producing electromyographic signals to interact with a myoelectric prosthetic
device and a model of the myoelectric prosthesis using the EMG signals from the user

model as the input to produce a resulting motion.

3.2.1 Model of the user intent or the neural drive

The optimal neural signals were modelled based on CMC with the weighted scalarized
objective, as shown in Eq (3.6). It was expressed as an optimization problem in which the
neural signals driving the muscles, referred to in this document as u, are one of the
arguments optimized to minimize the total cost to the user. Because the neural drive is a
continuous time-varying signal, it was modelled using cubic splines that were concatenated
together. It was found that the shapes obtained from two concatenated cubic splines
sufficiently described the control intent, as shown by the example control signal in Figure
4. Two concatenated cubic splines could produce shapes including submovements which
have been observed in real world movements. Nine tunable parameters corresponding to
the time duration, maximum amplitude and the initial and final slopes of the splines were
optimized to simulate the natural optimal control intent produced by the user when reaching

for a target.
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Figure 4: Example of the simulated control signal and corresponding EMG in the

time domain.

3.2.2 Model of surface EMG signal corresponding to the control intent

A control signal is computed by the brain every time a movement is planned, but the
corresponding motor output is always corrupted by noise. Two variants of noise affect
biological systems [81], [82]: the first is the additive noise that is independent of the control
signal amplitude; the second is the multiplicative noise whose standard deviation increases
linearly with the signal amplitude [83], [84]. Both of these sources are present in EMG
signals, even after the raw signals have been filtered and smoothed. Hence, the control
signal obtained from the cubic splines was corrupted by both noises in order to simulate
EMG signals measured from a human. This noise was included in the model using a

technique that is loosely based on Clancy’s EMG estimation model [85].
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Additive and multiplicative noises were added to the control signal model, and a moving
average filter was used to create the effect of the smoothing low pass filter used in EMG
amplitude estimation [86]. The EMG signal was simulated to have been sampled at 1000Hz
with a moving average filter window of 120 milliseconds. The smoothing window size
was selected to fall within the commonly used range of 100 to 200 millisecond windows
for EMG amplitude estimation [87 - 90]. Smaller windows capture the dynamic changes
in the signal and larger windows result in smoother amplitude estimates. The scaling
factors for the additive and the multiplicative noises were set up such that the noise added
to the system had amplitude levels and frequency range comparable to that of Clancy’s
model for the entire range of voluntary muscle contraction from 0 to 100%. Figure 4 shows
the simulated EMG for an example control signal in the time domain. Figure 5 compares
the frequency domain behaviour of rectified and low-pass filtered signals from Clancy’s

EMG model and the EMG approximation used in this thesis.
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proposed EMG model

3.3 Device part of the HMI model: virtual dynamics

The virtual dynamics of the model refers to the mapping between the input signal from the
user and the corresponding output of the device. For the model proposed here, the input
from the user is the processed amplitude of the EMG signal, and the device produces a
reaching trajectory in response to it. The mapping between the myoelectric EMG signal and

the output velocity of the prosthesis was defined using a first-order dynamic equation as,

a, x(6)P1 + a, (EMG(£)P2 = x(¢), (3.8)
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where:

x(t) is the displacement of the end effector at time t,

x(t) is the velocity of the end effector at time ¢,

ay, a,, by, b, are tunable parameters of the device.

The term EMG (t) here refers to the amplitude of muscle contraction estimated from the
smoothed measurement of input EMG signal as a mean rectified value over a measurement
window that corresponds to time t. The parameters a,, a, , b, and b, are varied to produce
different mappings between the input signal and the device output and are hence referred to
as the virtual dynamic parameters or the VD parameters. Here, a; and a, are the relative
weights of the position and the input signal, while b; and b, refer to their exponents or

powers.

The equation was initially defined as a more conventional differential dynamics equation,
with the forcing term on the right-hand side and coefficients and powers on the velocity

term rather than the EMG term as shown below,

a, x(6)P1 + a, (x(t)P2 = EMG(t). (3.9)

However, that convention required the optimization to solve for the n" roots of the equation
for a given EMG signal, which was computationally expensive and required considerable
CPU time. Accordingly, the equation was rearranged into the more computationally
efficient form shown in (3.8). Equation (3.8) also provides the flexibility to describe

mappings that have non-integer exponent values for the position and the EMG terms.
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3.4 Structure of the full HMI model

The full HMI interaction model consisted of several optimization parameters that affected
the total cost or the objective function value. The human model was expected to produce
the optimal control intent for any given VD setting to mimic the behaviour of real users
with sufficient experience using an HMI device. Because the control intent was modelled
as a spline, the parameters of the spline became the optimization variables that were chosen
to minimize the objective of the total cost to the user. Nine parameters that were modified
to change the shape of the spline. The device part of the model had tunable VD parameters
that determined the dynamic behaviour of the human-machine interaction. There were four
such parameters used in this model, resulting in a total of 13 variables that could be adjusted

to minimize the total cost that the internal model of the user would perceive.

3.4.1 Hierarchical optimization

It was found that framing this optimization problem as a hierarchical structure in which the
optimal control signal parameters and the optimal VD parameters are identified in a two-
step process was computationally more efficient than trying to identify the optimal values
of all 13 parameters simultaneously. The hierarchical optimization was set up such that the
optimal control signal parameters for a given VD parameter and preference vector were
identified first. Following this, the optimal VD parameters were determined for the task
given the user’s preference vector and the calculated optimal control signals for each of the
tested VD parameters. The high-level schematic of this hierarchical optimization structure

is shown in Figure 6.
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39



3.4.2 Modelled task
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Figure 7: Schematic of the modelled task. Each trial of the task consists of reaching

two targets.

The full HMI interaction model was used to simulate a target-reaching task in which a
prosthesis user produced myoelectric signals to move the end effector of a simulated
prosthetic device to the desired target location. The human model optimization attempted
to mimic a scenario in which the prosthesis user is given sufficient time to learn the
behaviour of a given device and produce the best signals they can to control the device and
perform the desired action. The VD optimization part of the model attempted to mimic a
scenario in which the prosthesis user is given multiple devices (each with a different input-
output mapping) to choose from and is asked to select the device that gives them the least

cost when performing a specific task.
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To ensure that the optimization solver doesn’t select VD parameters that are fine-tuned or
overfitted to be useful only for specific target positions, it was important to include at least
two different target positions that the user model attempted to reach with each given VD
parameter as shown in Figure 7. Including an ensemble of targets as a part of each reaching
task would make the model more generalizable, but the number of targets within each task
was kept to two to strike a balance between the generalizability and the computational time
required to simulate each user preference value and calculate the corresponding VD

parameters.

The two targets for the reaching task were set at 10 and 15 units from the origin. The same
VD parameters were used for both target locations within a reaching task. For each target,
the spline parameters were optimized to represent the optimal control signal from the user.
Once the optimal control input had been determined for both targets, the total cost for the

given virtual dynamics was calculated.

3.4.3 Cost calculation for each evaluation

As described earlier, the goal of any optimization algorithm is to minimize (or maximize,
depending on the problem) the objective function or the cost by identifying the input
parameters that result in the minimum objective function value. This is done by
systematically selecting input parameters and evaluating the objective function each time.
In the case of the proposed HMI interaction model, the objective function value for any set

of input parameters was calculated as shown in Figure 8.
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The optimization algorithm could systematically pick the spline and VD parameters that
are shown using the green inputs in Figure 8. For any given control signal and VD
parameter input, the corresponding control signal and estimated EMG response were used
to calculate the individual costs. The costs of effort and time depend only on the selected
control signal and were hence calculated without adding noise to mimic the EMG response.
The endpoint accuracy, stopping constraint, and initial velocity penalty (C,, C,, and C5 as
shown in Equation 3.7) were approximated to be the position accuracy, the stopping
velocity error, and initial velocity spikes that would occur in the absence of noise and were
calculated based on the control signal. The reliability cost was based on the variance of the
endpoint position and hence needed to account for the stochastic and noisy nature of the
EMG signals. The endpoint variance was estimated by simulating the reach 20 times using
randomly generated EMG responses for the same control signal input. It was found that 20
simulations were sufficient to get a stable estimate of the endpoint variance.

If any of the candidate solutions included parameters that were outside the permitted range
(See Section 3.5.5), or had endpoint position errors! greater than 1072, a penalty was added,
and the total cost was reset to 10°° to ensure that such candidate solutions were always

discarded.

! The accuracy tolerance of 102 units was selected to provide room for numerical precision errors in the

average accuracy calculation.
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the output (total cost).

3.5 Optimization within the HMI interaction model

The HMI interaction model and the parameter optimization were implemented in
MATLAB (The MathWorks, Inc., Natick MA). The hierarchical HMI interaction model
was optimized using two independent levels of the Particle Swarm optimization algorithm.
The justification for using an optimization algorithm that can only solve a scalarized single
objective problem is that we were interested in understanding how the user’s cost
preference levels affect their motor commands and understanding if tuning the dynamics

of a device according to the user’s preference benefits them. The user’s cost preference
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level was directly incorporated into the objective function and was used to scalarize the

individual costs.

3.5.1 Particle swarm optimization algorithm (PSO)

Particle Swarm Optimization (PSO) is a population-based heuristic optimization technique
developed by Eberhart and Kennedy [91]. This algorithm is based on the social behaviour
of a flock of birds or a school of fish and works on the principle of self-organization. The
significance of the swarm is that these systems can achieve a much higher level of
intelligence, which cannot be reached independently by any of the individual units.

The PSO algorithm mimics the behaviour of a swarm moving through a search space in
search of the point with the minimum objective function value. The optimization
parameters are represented as the coordinates of the search space. The population of
candidate solutions is referred to as particles. These particles are moved around in the
search space according to simple mathematical formulae relating to the particle’s position
and velocity. Each particle keeps track of two special coordinates in the hyperspace, called
the personal and the global best positions, that have been explored by the swarm so far.
The best solution achieved by the particle up to the current iteration is called the “personal
best.” The overall best location found by any particle in the swarm is called the “global
best.”

PSO is a derivative-free algorithm, which is well suited for optimizing the HMI interaction
problem due to its ability to handle bounded constraints and non-smooth or noisy cost
functions. The objective function evaluation for this specific problem is time-consuming

and noisy (as discussed in Section 3.4.3), making the objective function derivative
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calculation required for a classical optimization technique unreliable and impractical to
compute.

The particles are first initialized with a collection of random positions and velocity vectors
that represent the particle’s current solution and its moving direction. With each iteration
of the algorithm, the population continues to search for the coordinate point that
corresponds to the minimum objective value.

The individual candidate velocities and positions at each iteration are updated based on
three components:

Q) Inertial component: This component adds inertia to the update equation and
ensures that one component of the velocity update for the next iteration
continues in the same direction as the current velocity.

(i) Cognitive component: This component guides the particles toward the best
position they have personally found so far.

(iii)  Social Component: This component guides the particles toward the best

position found by the entire swarm so far.

These three components are combined linearly with the help of inertial, cognitive and
social coefficients that determine the extent to which each component influences the next
step. Random variables are used to introduce stochasticity in the algorithm. The particle
update equations are represented as follows,

it = Wk vk + e (PF = ) + oy (GF = x5, (3.10)

2t = yka oyl (3.11)
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where:

x¥ — refers to the coordinate position of the i'™" particle of the swarm at the k™ iteration of
the algorithm

vk — refers to the velocity of the i particle in the swarm at the k' iteration of the algorithm
r; and r, — refer to uniformly distributed random numbers chosen between 0 and 1.

wk — refers to the inertial coefficient at the k™" iteration of the algorithm.

c; and c,- refer to the cognitive and social coefficients, respectively, of the algorithm.
P is the personal best position found by the i particle by the k" iteration

G*- is the global best solution found by the swarm by the k™" iteration of the algorithm.

3.5.2 Hierarchical implementation of the PSO algorithm

Two levels of particle swarm optimization were used to independently optimize for the
user control intent and the virtual dynamics of the device. The outer-level PSO optimized
the virtual dynamic parameters {a,, a,, by, b,} to minimize the total cost of reaching the
two targets (at 10 and 15 units from the origin) using the optimal control signal u* from
the human part of the HMI interaction model for each target reach. The optimization

function for the outer-level PSO could be represented as:

(ay,az ,blr,rll,iﬁ 2i Jrotatl@u)) - i €{1,2}, (3.12)
where:
a - refers to the user preference level,

u; - refers to the optimal control signal identified to minimize the cost of reaching the i™

target using the current VD parameter settings, and
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Jrotatl(@uy) - refers to the total cost of reaching the i" target using the optimal control

signal when the user preference level a is known.

The arguments that minimized the expression in Equation (3.12) correspond to the optimal
virtual dynamic parameters. In this document, the dynamic system that corresponds to this
optimal set of VD parameters is referred to as VD*.

Equation (3.13) represents how VD * is obtained as,

VD* = {al,a:,rbglr,r;g i ]Totall(a,gz-‘) : i €{1,2}(3.13)

The optimal control signal u” for each target was identified by the inner-level PSO, in
which the objective function to be optimized was the total cost of reaching a specific target.
The optimization expression for the inner-level PSO can be represented as shown by:

{u; paramt(rer;‘isri Jrotatl (ivp,a) i €{1,2} (3.14)
where the total cost of the i™" target was calculated based on the user’s preference level and

the VD dynamics tested by the outer-level PSO.

The optimal control signal of a specific reach can be represented as:

E;k =¥ ({ui para;lregtz:'-Z; ]Total |(i,VD,(X))' (315)
where the operator W () represents the transformation function that maps the optimal

spline parameters to the optimal simulated neural control trajectory.

3.5.3 Special parameter implementations within the PSO

Some parameters, like the inertial coefficient of the update equation and the maximum
velocity of the particles within the swarm, were empirically set to improve the
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convergence rate of the algorithm and to reduce any instability in the progression of the

algorithm.

Dynamics of the outer-level inertial coefficient

The inertial coefficient wt of the outer-level PSO was set to exponentially decrease over
time, as follows,

wk*tl = 0.99wk. (3.16)
Because the inertial coefficient of the algorithm allowed the individual particles within
the swarm to explore the search space, setting an exponentially decreasing inertial
coefficient ensured that the particles within the swarm performed more exploration of the
search space at the beginning of the optimization and focused on exploiting the solutions
already known to the swarm over time. The initial value of the inertial coefficient was set

to one.

Dynamics of the inner-level inertial coefficient

The inertial coefficient for the inner-level optimizer was set to vary in an adaptive manner
loosely based on the adaptive staircase algorithm in psychophysics [92] or the damping
factor of the Levenberg Marquardt [93] regularization algorithm. The swarm increased the
exploratory behaviour if a better global solution was found. But if the global best solution
of the swarm did not improve after several iterations, the exploratory behaviour of the
swarm was decreased. The absence of a better global best solution indicates that the swarm
had already identified the local region about the true minimum, and it would be best to

focus on the local search about the known solution. A counter was used to identify when
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the inertial coefficients must be changed, as shown below in Algorithm 1. The inertial

values were clamped such that they were set within the range of [0.1, 1.5].

Algorithm 1: Adaptive inertial coefficient, w

Step 1 : SET counter=0
Step 2 : For k=1: Maximum number of iterations
Step 2.1 : Ifbetter globalBest
solution is found:
counter = max (0, counter-1)

Else:
counter = counter +1
Step 2.2 : 2wk If counter >=2
Wkt =
wk If 2 < counter < 5
wk/2 If counter >=5

Maximum velocity of the particles

To ensure that the optimization iterations were stable and didn’t show oscillations in their
objective value, a maximum velocity limit was set for the high-level optimizer. For the
outer level PSO, the maximum velocity a particle could take at any iteration was limited to
1/20'" the range of the search space in each dimension. It was found that clamping the
positions of the inner-level PSO candidates such that the position coordinates are within
the search space was sufficient to prevent oscillation. Hence velocity clamping was not

implemented for the inner PSO loop.
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3.5.4 Hyperparameters of the algorithm

The performance of any heuristic optimization algorithm depends heavily on the
hyperparameters. These parameters were tuned to improve the computational speed and
convergence rate of the defined problem. The tuning was performed iteratively, starting
with the algorithm's default parameters, and each hyperparameter was adjusted based on
small-scale pilot studies. Table 3 shows the list of the hyperparameter values used for
optimizing the HMI interaction model. The selected hyperparameter values for the two

levels of the PSO algorithm helped improve the overall convergence rate of the algorithm.

The design variable values of the of the first iteration of particles was selected using a
uniformly distributed random number within the permitted range of each design parameter.
The entire optimization procedure was repeated 3 times with different initial random seeds

to ensure that the results were stable and statistically reliable.
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Table 3: Hyperparameter values of the algorithm

Outer Level PSO Inner Level PSO
Population size 20 20
Maximum iterations 60 500
Maximum runs 3 1

Inertial coefficient type | Exponential decay Adaptive adjustment

Inertial coefficient w(0) =1 w € [0.1,1.5]

specification

Cognitive coefficient 1 1.5

Social coefficient 2 2.75
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4. Chapter 4: Results

To understand how the user preference for individual costs affects the optimal movement
produced and the subsequent virtual dynamics, four different relative weight scenarios
were simulated. Tests were conducted for situations when the user cares more about each
one of the three cost functions- effort, time, and reliability, and when they show an equal
preference for the three costs. The HMI interaction model's results were analyzed by
studying three major outputs: the optimal control signals of the user model, the optimized

virtual dynamics of the machine interface, and the overall trajectory profile of the device.

4.1 Influence of the user preference level on the generated motor commands

The first step of validating the created model was to verify that the spline approximation
of the motor commands sufficiently described how a user would interact with a device, and
that it reflected how a user’s cost priorities influence the simulated control signals that
correspond to the motor commands and result in the simulated EMG. A proportional
velocity control dynamic was used to model the prosthesis dynamics. The a, gain
parameter was determined by optimizing the a, VD parameter for a linear velocity control
scheme at the equal cost preference setting which resulted in:

a,EMG = x, where a, = 0.003. (4.1)
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Figure 9: Understanding the influence of the user preference level on the human part of the HMI interaction model —
through the generated control signal and the device trajectory for a device with fixed VD. The top row indicates the
produced optimal user control signals (on the left) and simulated device trajectories (on the right) for the first target.
The bottom row shows the produced optimal user control signal (on the left) and the corresponding device trajectory

for the second target. The dotted lines on the second column of panels indicate the desired target position.
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Figure 9 shows the simulated user control signals and the corresponding device trajectories
for the four user preference levels when reaching the two targets. The dashed lines in the
trajectory plots indicate the true target position or the goal. The four different user
preference conditions that were simulated correspond to situations when the user shows
equal preference to the three individual costs of effort, time, and reliability; and when they

care 5 times as much about each individual costs.

It is important to note that the optimization for the ‘time prioritized” user preference
category did not converge to a feasible solution even after 18 hours of computation and
selected a suboptimal candidate that required more movement time than any of the other
user priority levels for the first target reaching scenario. The simulations were not repeated
with a larger population size, increased iterations for convergence or any other
modifications to the hyperparameters to ensure that all model simulations were consistent.
Hence, the results from the time-priority user preference condition will not be discussed in
any comparisons or validation tests performed in the rest of this document. Figure 10 shows
the simulated optimal control signals and device trajectories for the two target reaches,
after omitting the results from the time prioritized setting for the 10 unit target reach in

which the PSO failed to converge to a solution.
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Figure 10: Understanding the influence of the user preference level on the human part of the HMI interaction model —
through the generated control signal and the device trajectory for a device with fixed VD. The time prioritized setting for

the 10 unit target reach is omitted as the results of the optimization failed to converge.
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In the three user-preference scenarios of interest (Equal preference, Effort prioritized, and
Reliability prioritized), the simulated control signals follow the expectations and
observations in the literature. When reliability is prioritized, the model produced control
signals whose magnitudes were smaller towards the end of the movement or in the second
sub-movement. This behaviour aligns with the results of the study [94] explaining the
stereotypy of eye saccades by minimizing the endpoint variance of the movement
(equivalent to the cost of reliability or risk) in the presence of multiplicative noise. Due to
the multiplicative nature of the noise in the signal, it is better to make larger contractions
earlier in the movement when corrections are possible rather than later in the movement
when the multiplicative noise could increase the variability of the movement endpoint.
Though not easily observable from the image, the integral of the control magnitude is the
smallest in the effort prioritized setting compared to the other user preference levels. This
observation supports that our implementation of the multi-objective CMC framework

follows the expected user behaviour under different priority conditions.

4.2 Effect of tuning both the human and the device parts of the HMI interaction model

according to the user preference level

To investigate the impact of using a tunable device for a human-machine interaction task,
another layer was added to the model to include the dynamic parameters of the device as
optimization variables that can be tuned to minimize the total cost. Figure 11 shows the
results of this hierarchical model when the user control signals, and the VD parameters of
the device are both optimized at four different user preference levels. The figure shows the

optimized control signal produced by the user model to reach the two targets and the overall
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device trajectory generated when these optimal signals were used as input to a device with
the optimal virtual dynamics. Figure 12 shows how the individual costs of effort, time and
reliability varied for the different user preference settings that were simulated. The fact
that the 4 scenarios resulted in different optimum virtual dynamics, different optimum user
input signals, and different reach trajectories indicates that the user preference for cost in a

task plays an important role in determining how the movement should occur.
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Figure 11: Optimal control signal and device trajectories when the device dynamics is optimized according to the user

preference level. The top row indicates the produced optimal user control signals (on the left) and simulated device

trajectories (on the right) for the first target. The bottom row shows the produced optimal user control signal (on the left)

and the corresponding device trajectory for the second target.
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Figure 12: Normalized spider plots indicating the individual costs of effort, time
and reliability for the 4 user priority settings that were simulated. The image on the
left corresponds to the costs to reach the first target, and the image on the right

corresponds to the costs to reach the second target.

Within the simulated HMI interaction model, when one individual cost was prioritized, the
optimization process adjusted the values of both the human-model motor command
parameters and the virtual dynamic parameters of the device to minimize the total cost. In a
practical setting, if HMI devices were allowed to have tunable dynamic parameters, the
user’s biological internal model would inherently adjust the user’s control strategy to reflect
their preference in costs, and an independent controller on the device could be used to
modify the parameters of the device or its overall closed-loop behaviour such that the total

cost to the user was minimized for a given cost preference setting.

Similar to the results when fixed device dynamics were used to understand the influence of

the user preference level on the user’s control strategy (Figure 9), it was observed that the
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user preference category appreciably impacted the shape and the magnitude of the simulated
motor command signals. For example, when the user cared more about the cost of time
involved in making a movement, the generated control signal had the least movement time
with larger endpoint accuracy and velocity constraint errors, and a set of VD parameters
was chosen such that the smaller control signal from the user still gets the device as close
as possible to the desired target. But if the user cared more about the risk involved in making
the movement, the generated control signal had a much smaller magnitude towards the end
of the movement to avoid large multiplicative noise errors that increase the endpoint

variance of the reach.

The optimal control signal profile produced by the user was found to be asymmetric and
was composed of 2 distinct peaks for the cases in which the user preference was set to be
higher for the reliability of movement, and when the preference was set to be equal. These
peaks correspond to submovements, which are separate phases of acceleration and
deceleration within a single movement trajectory [95]. The emergence of submovements in
this simulated open-loop reaching task was a very interesting phenomenon that aligned well
with the predictions of [96], [97]. It should also be noted that the amplitude of the first peak
was always slightly higher than that of the second one. This difference in magnitude
indicates that the cost for large control signals is less at the beginning of the movement than

towards the end of the movement.

Figure 13 shows how the selected VD parameters varied for the different user preference
levels that were simulated. Because a heuristic algorithm was used for the optimization, a

formal proof or verification for the true optimality of the identified solutions is not possible.
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Three candidates with the least total cost were chosen from the pool of 180 particles at the

last iteration of the optimization process. The VD parameters of these three candidate

particles were plotted for each simulated user preference level to ensure that the variability

of the identified VD parameters was sufficiently small and that there was a distinct shift in

the VD parameters at each user preference level. Each subplot within Figure 13 shows the

value of one of the VD parameters (a4, a,, b;, b,) and the candidate with the best cost value

is highlighted with a marker of a larger size.
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simulated user preference levels. The parameter values of the three candidates with

the lowest total cost values are plotted for each condition, with the best candidate
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4.3 The importance of tunable device dynamics

Conventional prosthesis control maps the EMG signal only to the velocity of the device,
but most of the optimal virtual dynamic solutions found using our HMI interaction model
used a combination of both position and velocity-based control. This outcome suggests that
conventional prosthesis controllers with position-only or velocity-only control schemes
might produce suboptimal movements. To analyze this further, a one-to-one comparison
was made between a device model with a velocity control scheme and a device model with
a blended tunable device dynamic scheme. Only the user preference levels of Equal
preference, 5x Effort, and 5x Reliability were simulated for this comparison, as the PSO
algorithm fails to identify a feasible control signal trajectory for the 5x Time user

preference setting with a proportional velocity control VD for the device model.

In a clinical setting, the gain of the velocity control mapping scheme of the prosthesis is
hand-tuned by the clinician to best suit each prosthetic device user. To compare the velocity
control scheme with the proposed nonlinear blended control scheme in this project, the
gain of the proportional control scheme was set by optimizing just the a, VD parameter
for the Equal preference setting. The blended control scheme continued to optimize all the
VD parameters at each user preference level. The simulated optimal motor control
strategies, the overall reach trajectories, the total cost, and the individual costs of effort,
time, and reliability for the two control schemes were compared at the different simulated
user preference levels. Figure 14 shows the simulated optimized control commands from
the user and the corresponding device trajectories for the two modelled device mappings

at different user preference levels for the 15 unit target reaching task. The plot confirms
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that using a tunable device whose parameters can be adjusted according to the user’s
preference level can simultaneously reduce the required movement time to make a reach

and the magnitude of the control signal that might be required from the user.
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Figure 14: Comparing the control signals and device trajectories when using a
device with non-tunable proportional velocity control mapping (in blue) and a
tunable device dynamic mapping (in red) to reach the second target that is 15 units

from the origin.

The total movement cost of reaching the two targets using the tunable and the non-tunable
device dynamics when the user part of the model generates the optimal motor commands
is shown in Figure 15 as a boxplot with a semilog scale. It was observed that even when
the user produces the best motor commands to control the device at each user preference
level, the tunable device dynamics could significantly reduce the total cost involved in the

movement when compared to the conventional non-tunable device dynamics with the
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standard proportional velocity control mapping. At the equal preference setting, the cost of
moving with a tunable VD was slightly greater than that of using the non-tunable device.
That could be attributed to the heuristic optimization algorithm converging to a solution
before sufficiently exploring the search space.
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Figure 15: Comparison of the total movement cost at different user preference levels

between the tunable and the non-tunable control dynamics

The individual cost of effort, time, and reliability of the movement made with the two
device models is examined in Figure 16. Each marker on the plot corresponds to a solution
generated for a specific user preference level — equal user preference, 5x effort, and 5x
reliability. The red markers represent the costs of movement with tunable device dynamics;
the blue markers represent the costs of movement when a device with non-tunable
proportional velocity control device dynamics was used. The objective space visualization
helps highlight the tradeoff between individual cost values and identifies the structure of

the obtained Pareto solutions.
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In the case of Figure 16, the objective space visualization also helps identify the dominance
of different solutions. All the solutions from the non-tunable device dynamics are
dominated by solutions obtained when using tunable devices, clearly indicating that
allowing devices to have tunable dynamic parameters can significantly benefit the users

when interacting with HMI devices.
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Figure 16: Pareto space visualization of the individual costs comparing the tunable

device dynamics with the conventional velocity control device dynamics.
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5. Chapter 5: Discussion

The first aim of this study was to create a model of a human-machine interaction in which
a person uses myoelectric signals from their muscles to control an upper limb myoelectric
prosthesis to reach from one point to another. This aim of the study was implemented by
creating a mathematical framework that incorporated ideas from the fields of
computational neuroscience of motor control, evolutionary multiobjective optimization,
and control theory. The proposed HMI interaction model consisted of two parts: a user
model that generates EMG-like signals that are optimized according to the cost priorities
of the user, and a device model that takes these EMG-like signals as input and produces a

reach trajectory based on the defined dynamics of the device model.

The second aim of this study was to understand if tuning the parameters of the device
dynamics so that they are optimized for the user's different cost preferences was beneficial.
To identify the best device dynamics, the device dynamics are represented as virtual
dynamics whose parameters were optimized to minimize the total cost according to the

user's cost priorities.

5.1 Verification of specific aim 1

Once the full interaction model was built, the user part of the proposed HMI interaction
model was tested with conventional fixed device dynamics to ensure that the generated
user control signals were meaningful and appropriate for the selected cost preference level.
The model’s generated control signal trajectories were tested at 4 distinct cost preference
levels. The algorithm always optimized for the total cost, so the individual costs of effort,

time, and reliability were weighted to indicate the user preference.
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The optimization solutions from the time-prioritized setting failed to converge to feasible
solutions within the allotted computational time of 18 hours per run of the algorithm, so
the motor command solutions obtained from time-prioritized setting were discounted from
the discussions of this study. The optimization algorithm could have failed to converge to
a solution due to reasons like the initial values of the particles of the PSO, or the algorithm
getting stuck in infeasible regions of the design space. It is possible that repeating the
optimization for this user priority with a different set of hyperparameters or random seed
values could have improved the convergence rate of this specific simulation. But the
adjustments were not made to ensure that a consistent set of hyperparameters was used for

all the simulations.

The generated motor commands at the other cost priority settings appeared to be
meaningful and followed the expected norms in terms of the relative amplitude, duration,
and shape of the generated control signal. The motor commands generated in the effort-
prioritized setting always had the least cumulative squared control signal amplitude
compared to the other two user settings for both the target reaches. The generated control
signals for the reliability prioritized setting had smaller control signal amplitude towards
the end of the movement. This observation is in line with the studies [94 - 96] that explain
the stereotypical movement due to the presence of signal-dependent multiplicative noise in
our muscle signals. No empirical studies have yet been performed with people to establish
the influence of the user cost priorities on the generated control signals, so a direct

comparison of the model was not made to existing real-life data. Nevertheless, the results
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from the developed model align well with the theoretical expectations and hence

sufficiently describe the user behaviour at different cost priorities.

Analyzing movement generation from the perspective of a multi-objective optimization
problem could yield insights into why everyone produces slightly different movements
even when performing the same task. One individual may prioritize spending the least

metabolic energy, whereas another may prioritize their time over the energy spent.

5.2 Verification of specific aim 2

To understand the effect of the user cost priorities on the virtual dynamic parameters of the
device model and to understand if the cost-priority-based tuning of a device could benefit
a user, a hierarchical optimization scheme was performed to independently optimize the
parameters of the user and the device models within the full HMI interaction model. The
developed model demonstrated the feasibility of using a blended virtual dynamic mapping
to describe any device that is a part of an HMI. The cost priorities clearly influenced the

selected virtual dynamic parameters as observed in Figure 13.

The benefit of using a device that is tuned according to the user’s priority setting was then
studied by comparing the generated control signal, end effector trajectories, the individual
movement costs, and the total movement cost to the user in two modelled scenarios:

Q) when using a device that can be tuned at different user priority levels

(i) when using a device that cannot be tuned at different user priority levels.

It was clear on all accounts that an optimally tuned device dynamic significantly benefits

the user in terms of the effort, time, and reliability costs at different user priority levels.
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This result indicates that myoelectric users may be able to benefit from device
customization that better reflects their personality and priorities regarding movement. The
results also suggest that it would be beneficial to determine optimal device parameters that
are best for specific tasks (that inherently prioritize different costs) performed with the help
of the prosthetic device. Conventionally, if someone wants to use their prosthetic device
when painting and when performing yard work, they need to adjust their input EMG signals
to change the behaviour of their device. Instead, the proposed method could be used to
predetermine the optimal device parameters for specific tasks when the user wants to

switch from one type of task to another.

In addition, the solutions established from a tunable device model are also mathematically
superior to those from a device model whose parameters cannot be adjusted for the user
priorities as shown in Figure 16. The performance objective values of a tunable device
always dominate the performance of a device that cannot be user adjusted, indicating that
it is always better to use a tunable device dynamic when compared to a fixed device
dynamic for any given user priority. This result shows the significance of the relative

weights of individual costs in determining how a given task needs to be performed.

5.3 Significance

This study provides a preliminary step towards understanding how an individual’s
preference can influence movement and the importance of device parameters in
determining the outcome of a user interacting with a device. The results strongly suggest

that human-machine interfaces could be customized for users depending on the type of
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tasks that are performed more frequently. The proposed concept of optimal device tuning

for HMI has been patented [101].

Clinical tuning of a prosthetic device usually requires the clinician to tune for abstract
parameters like the device gain or the threshold values that cause a desired effect in the
movement. Instead, allowing them to directly tune for the relative preference in terms of
speed, energy spent, or the reliability of the device would be much more intuitive. The idea
of relative tuning that has been proposed here could allow both patients and clinicians to

tune the control strategy for those things that they directly care about.

The concept of optimal device tuning could also be extended beyond myoelectric
prostheses to encompass other HMI devices, and the proposed optimal tuning strategy
could be used to establish predetermined modes similar to the driver mode settings in a car.
In addition to setting specific parameters that are better suited for different tasks and
situations, parameters could be established that are customized to each individual’s cost

priorities.

5.4 Limitations

A heuristic optimization procedure was used to calculate the best user control signal and
the optimal set of virtual dynamic mappings. Hence, it cannot be guaranteed that the
solutions obtained are globally optimal. Even though it was shown that the solutions found
were similar for various initial random seeds and that the variance of the identified VD
parameters at each cost priority level was small, it cannot be concluded that the solutions
obtained are the global minimum solutions for the given problem. Hence, the best user
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control signal found by the developed model might not accurately represent the optimal
signal that a human would produce to reach the given target. Moreover, the optimal virtual
dynamics solution found here could similarly be the result of our optimizer getting stuck

in local minima or running out of the allotted computational time of 18 hours per run.

Increasing the swarm size and the number of generations of evolution in the optimization
or improved tuning of the hyperparameters of the PSO algorithm could potentially give
better solutions. The solutions obtained here could also be constrained by the exploration
space that was chosen. These strategies to improve the solutions of the PSO were not
implemented due to the computational time required by the hierarchical structure of the
model, which required the inner loop to be optimized for all possible outer loop VD
parameters that were considered. A hard computational time limit of 18 hours was set for

each run of the hierarchical PSO algorithm.

We acknowledge that normalizing the individual costs of effort, time, and reliability about
a nominal operating point using the minimum jerk trajectory with a velocity control scheme
does not generalize the normalization to other operating points. This was clearly seen in
the individual costs of the obtained results, in which the range of values taken by the costs
of effort and reliability were in the order of 10%units. This meant that we could not
guarantee that the individual user cost priorities changed by a factor of 5, even though it
was evident that changing the user priority setting forced the algorithm to improve the
specific individual cost. Iteratively normalizing the individual costs such that they have
comparable values at equal relative weights could improve the effectiveness of the linear

scalarization approach used in the model.
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The intent for the limits on the control signal amplitude was to constrain the simulation of
the motor commands and EMG signals to be similar to that expected of a prosthesis user.
It can be seen in Figure 11 that simulated motor command values well exceed the specified
35% limits. This was a result of an unintentional loophole in the model in which only the
initial and final amplitudes of the motor commands were constrained to 35% contraction
intensity. The selected slope parameters permitted the generated spline to have values
outside the +/-35% constraints that were set. A better way to model the motor command
would have been to model the signal as a trajectory with piecewise constant values at each
time step. This approach was not pursued in the current work as the alternative method will
greatly increase the number of optimization parameters and, hence, the complexity and the

computational time required by the algorithm.

5.5 Future work

The results discussed in this thesis are based on a preliminary modelling study used to
demonstrate the feasibility of the proposed idea. Future work on this concept should expand
the research by performing experiments with human subjects. To further enhance the model
and algorithm, it would be important to improve the model by providing the user with
feedback from the device output and performing a closed-loop optimization that closely
resembles how humans make decisions about their movement [83]. Parts of the
optimization problem could also be solved analytically to potentially optimize the virtual
dynamic parameters in a real-time application for a given set of cost function weights using
direct or indirect numerical optimization methods. Another option would be to find the set

of all possible optimal solutions for the multi-objective optimization process and create a
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look-up table that could be used to tune according to the user preference. The set of all
optimal solutions is termed the Pareto set and can be found using analytical methods [102]

or heuristic evolutionary optimization algorithms [103].

Another important direction would be to compare the performance of our customized
virtual dynamics with the other existing models like the Kalman filter, 1 Euro filter,
adaptive EMG filter, nonlinear recursive Bayesian filters, linear filters, and or kurtosis
filters. We would also like to study the overall performance of our proposed optimal virtual
dynamics with the clinical standard proportional velocity control and the velocity squared

control [104] approaches.
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6. Chapter 6: Conclusions

Our study aimed to develop a model of human-machine interaction (HMI) for upper limb
myoelectric prosthetic control, with a focus on incorporating user cost preferences into
device dynamics. Integrating principles from computational motor control, multiobjective
optimization, and control theory, our approach addresses the gap in current prosthetic

control methods by considering individual user preferences.

We found that user movement preferences significantly influence both control signals and
the selected virtual dynamic parameters of the device. Comparing scenarios with and
without tunable device parameters, we observed substantial improvements in total
movement cost, effort, time, and reliability costs when using optimally tuned devices. This
highlights the potential of personalized prosthetic settings to enhance movement outcomes

and user experience.

This study represents a preliminary step toward understanding how individual preferences
influence movement and the importance of device parameters in HMI. Our findings suggest
that customization of HMIs based on user priorities is beneficial, and our proposed optimal
tuning strategy could revolutionize prosthetic device control. With further refinement and
experimentation, our approach has the potential to enhance the quality of life for

individuals using myoelectric prostheses and other HMIs.
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Appendix A: Source Code

The relevant code and data can be found be on the public repository on GitHub:

https://github.com/anjana-arunachalam/ThesisSubmissionCode

- main2.m is the main script that performs the optimization calculations.

- /Results/VVD_const/ - contains the optimization results for the proportional
control virtual dynamic

- /Results/VD_optimised/ — contains the optimization results for the
nonlinear blended Virtual dynamic system that optimizes all four

parameters of the VD for different a settings
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Appendix B: Additional terms and definitions for MOO

Some helpful but not directly relevant definitions in the field of multi-objective
optimization are listed below.

1) Weak Pareto Optimality:
The concept of weak Pareto optimality is closely related to the concept of Pareto optimality.
A point x* is weakly Pareto optimal if there is no other point in the feasible space that
improves all the objective functions simultaneously; however, there may be points that
improve some of the objectives while keeping others unchanged. Mathematically, for a
MOO problem with k objectives f;(x), f2(x),... fr(x), a solution x* is weakly Pareto
optimal if there exists no other point x such that:

i) <filx)Vvi €{1,2,..k}

Every Pareto optimal solution is also weakly Pareto optimal, but the converse is not true.
That is a set of weakly Pareto optimal solutions contains the Pareto optimal set as a subset
within it [105].

2) Pareto set /Pareto optimal set:
The non-dominated set from a local region corresponds to the local Pareto optimal set,
whereas the nondominated set from the entire feasible search space corresponds to the
global Pareto set. The term Pareto set can be used to refer to solutions in both the design
and the objective space [49].
Based on the math example we have discussed, the set of points with x = [-1,2] is part of

the global Pareto optimal set.
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3) Pareto optimal front:
refers to the plot, curve or hyperplane created by joining the points within the Pareto
optimal set in the objective space. The Pareto front can also be defined as the set of non-
dominated points in the entire feasible objective space. The Pareto front of the example
from Eq 2.1 is shown in red in Figure 1.

4) Convexity of a function:
A real-valued function is convex if the line segment between any two points on the graph
of the function lies above the graph between the two points. A single variable function is
convex, if and only if its second derivative is non-negative in the entire domain. For a
function with several variables, the Hessian matrix of the partial second-order derivatives
needs to be positive semidefinite on the entire domain in order for the function to be
convex.

A

Figure 17: (From left to right) Images of a convex function, convex set, and non-

convex set [106], [107].

(i) Convex set: A given set is convex if the line segment joining any two points within
the set is fully contained within the set.

(i) Convex MOO: If the feasible region and all the objective functions of a multi-
objective optimization problem are convex, the problem falls under the special category

of convex MOO.
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Let us consider the following mathematical multi-objective optimization example from
Pardalos et al. [108].
CASE 1:

fi®) = 5(x- 0.1)? + (x,- 0.1)?

f2(0) = (x1- 0.9)? + 5(x; - 0.9)
Subject to the constraints: -0.5< x; < 0.5and-05< x, < 0.5
In this case, the feasible space forms a convex set as the constraints bound a unit square
in the design space. Each objective is also convex as it is a linear sum of quadratic terms.
By contrast if the problem had been defined as:
CASE 2:

fi®) = 5(x;- 0.1)> + (x5 - 0.1)°

f2(0) = (x1- 0.9)? + 5(x; - 0.9)
Subject to the constraints: —0.5 < x; < 0.5and -0.5< x, < 0.5
The feasible space continues to be a convex set. But the first objective is not a convex
function. As not all objectives are convex, the overall problem is a non-convex MOO
problem.

5) Ideal point/ Ideal objective vector:

The ideal objective vector (or ideal point) represents the lower bound of each objective in
the entire feasible search space. If the objective functions are conflicting, then the ideal
point will not be part of the Pareto solution. This is because in a MOO with conflicting
objectives, improving the value of one objective will lead to worse performance for at least

some of the other objectives.
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6) Nadir point/ Nadir vector:
The nadir objective, on the other hand, represents the upper bound of each objective in the

entire Pareto optimal set. Note that the nadir point is different from the worst objective

vector point in the feasible space as shown in Figure 18.

Worst point

Objective f;

/' L
Ideal point Pareto optimal front

o

Obijective f;

Figure 18: Depiction of the ideal point, the nadir point, and the worst point for a
general two-objective multi-objective optimization on problem. This image is
inspired by and modified from the work of Deb et al. [109].

To normalize each objective in the entire range of the Pareto optimal region, the knowledge

of the nadir and the ideal objective vectors can be used as:

Hljnorm — 0i—z; (2.3)

Where 6]*°™™ refers to the normalized version of the i objective function,

0; refers to the actual value of the objective,

z; - refers to the magnitude of the i objective function value of the ideal point,
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z"* _ represents the magnitude of the i objective function at the nadir point.

The ideal and the nadir points for different MOO problems can be estimated by normalizing
each objective independent of the others for the given set of constraints. The vector of the
best objective values obtained from the independent optimization of each objective gives
the ideal point. The nadir vector is constructed from the worst value of each objective from
the Pareto front when one of the other objectives is optimized independently (Refer Figure

18).
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Appendix C: Hierarchical PSO implementation details

(1) Algorithm schematic
Figure 19 shows how the PSO algorithm can be implemented using a block diagram

format.
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Generate the initial population with random
positions & velocities.
Iteration =1

T

For each particle, compute new velocity and
position.

X

Evaluate the objective function value for each
particle.

v

Update personal best value and location, if
required

\
‘ X
\
\

Update global best location and value, if required

2

Increment the Iteration count

'

Is Iteration> IteratlonMaX ?

NO

Particle that identified the best

objective function value so far is
the solution.

Figure 19: Algorithmic flowchart of the Particle Swarm

Optimization Algorithm.
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(2) Limits on the optimization variables
Table 4 shows the selected range of the optimization variables used. The upper and lower
limits of these variables were bounded to keep the HMI interaction problem practical while
allowing sufficient flexibility and a large search space for tuning. The coefficients of virtual
dynamics were given a symmetric search space about the origin. The exponent parameters
of virtual dynamics could only take non-negative real numbers up to 4. The maximum time
duration of each cubic spline was set to be 10 seconds. This gives a maximum movement
time of 20 seconds, which was found to be more than sufficient to make the 10-unit and
15-unit target reaches that were modelled in the HMI interaction model. The limits on the
amplitude of the control signal were set at +/- 35 to mimic the 35% maximum voluntary

contraction levels about which myoelectric prosthesis users tend to operate.
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Table 4: Lower and upper limits of the optimization variables

Optimization variable

Lower Bound

Upper Bound

amplitude: [M{, Mﬁ]

VD coefficient a, -5 +5
VD coefficient a, -5 +5
VD exponent b, 0 4
VD exponent b, 0 4
Individual cubic spline [0.001, 0.001] [10, 10] seconds
durations: [T, T,] seconds
Individual cubic spline initial [-200, -200] [+200, +200]
slopes: [}, @3]
Individual cubic spline final [-200, -200] [+200, +200]
slopes: [(p{, (pg]
Individual cubic spline initial [-35, -35] [+35, +35]
amplitude: [M%, M}]
Individual cubic spline final [-35, -35] [+35, +35]

99




Appendix D: Result data and additional plots

Table 5 lists the individual costs of effort, time, and reliability, the optimized virtual
dynamic parameters and the total movement cost corresponding to each optimized target
reach for the four user preference scenarios simulated. The total cost listed in this table is

the sum of the costs of effort, time, reliability and the constraint values.

Table 5: Optimized costs and virtual dynamics for different relative weights

Optimized | Weights | Optimized Cost* Best VD
for parameter
o, @z, a3 Ju Jt Jr Jotal S
Equal [111] 6.68 x10° 6.15 1.01x10° | 2.04 x10* | [-0.001
0.031
1.35 x10* 7.08 2.52x10% | 6.93 x10* | 1.95
0.68]
Effort [511] 4.17 x10° 5.02 1.38x102 | 2.86 x10° | [0.002
0.002
5.35 x10° 6.43 2.20x102 | 2.08 x10° | 1.84
1.22]
Time [151] 3.57x10*> |4.50 2.30x10? | 6.68 x 10° | [-0.02
0.001
5.96 x 10? 3.98 8.09x102 | 6.68x10° | 1.831
1.81]
Risk [115] 242x10° | 534 9.29x 103 | 1.51 x10° | [-0.025
0.004
543x10° | 4.73 2.92x10? | 2.08 x10° | 1.42
1.27]

*The two rows represent the costs involved in moving to the two targets - 10 and 15 units from the

origin, respectively.

Figure 20 provides a direct comparison of the control signal and device trajectories when
using a default constant virtual dynamic system or a tunable blended nonlinear virtual

dynamic system for a target that is 10 units from the origin.
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Figure 20: Comparing the control signals and device trajectories when using a

device with non-tunable proportional velocity control mapping (in blue) and a

tunable device dynamic mapping (in red) to reach the first target, which is 10 units

from the origin.
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