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ABSTRACT 

Myoelectric control systems have advanced over decades, but their performance 

remains a challenge. Adaptive algorithms have emerged as a possible solution; however, 

the user is also always learning, causing  the resulting system’s performance to sometimes 

be subpar and even unstable. Most studies approximate these co-adaptive systems as 

combinations of deterministic and stochastic linear systems. Instead, we propose that 

chaos, a subtype of nonlinear dynamical systems, is required to explain the intermittent 

performance of myoelectric control systems. Slight, unknown, changes to a chaotic system 

can shift its dynamics between stable and unstable. In this work, a 10-day co-adaptive 

myoelectric control experiment was designed to explore this chaotic behaviour. Poincaré 

mapping, a technique used to visualize chaos, was used to observe how changes to 

experimental parameters influence the stability of co-adaptive systems and user learning. 

A better understanding of the dynamics of co-adaptive human-machine interfaces may 

enable the design and control of more robust systems in the future.  
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1.  Introduction 

1.1 Motivation 

Decades of research have improved the functionality and usability of myoelectric 

prostheses, yet user acceptance rates remain low [1]. One requirement for the usability of 

a prosthesis is that it be intuitive to control and be robust to the natural variability in 

electromyographic signals (EMG) [1], [2]. Natural changes in myoelectric signals that 

occur during practical use, however, have been shown to negatively affect the reliability 

of this control [3]. These challenges to the real-time usage of myoelectric devices include 

time-varying non-stationarities, user fatigue, changes in limb and electrode positions, and 

motion artifact [3], [4]. Multiple solutions have been developed to counteract these issues, 

such as pattern recognition-based control schemes [5], [6], modifying the training stage to 

strengthen the users’ ability to use pattern-recognition control [7]–[9], adapting the control 

algorithm over time [10], [11], and using augmented feedback [12], [13]. Throughout 

these studies, a common finding was the importance of incorporating the user in the 

training process through feedback so they may learn from the machine, whether actively 

or subconsciously, over time. The pattern-recognition control scheme can then adapt itself 

during regular use to further improve accuracy. These advancements have culminated in 

the development of co-adaptive myoelectric control systems. 

In co-adaptive control systems, both the user and machine concurrently learn from 

each other through continuous feedback [14]–[16]. Co-adaptive systems have been used 

in multiple applications, such as speech and gesture recognition, brain-computer 

interfaces, and human-machine interfaces such as myoelectric prostheses [17]–[19]. 
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Treating the user and machine as linked subsystems that concurrently adapt has led to 

more efficient training, reducing user burden while increasing the capacity and speed with 

which they learn and generalize new strategies. In some cases, the performance and 

usability of myoelectric systems have also improved with the use of co-adaptive systems 

[20]. However, delays and disconnects in feedback within the system can lead to 

instability causing these systems to become unstable and diverge or oscillate away from 

the target [14], [17]. While signal processing-based approaches have dominated the 

myoelectric control literature, these co-adaptive systems can be thought of as a set of 

interacting components within a system that is controlled to reach a desired output, that 

is, a control system. Consequently, applying knowledge commonly associated with 

control techniques may lead to a better understanding of the dynamics of co-adaptive 

Human Machine Interfaces (HMIs).  

In this work, we suggest that co-adaptive myoelectric control systems can be further 

developed if we reframe the way their behaviour is analysed. Existing analytical 

techniques assume that myoelectric pattern recognition is a mixture of deterministic 

processes, where the inputs and parameters of a system directly determine its output, and 

stochastic processes, where inherent randomness affects the output. In reality, however, 

they may also be chaotic. If so, there is a repertoire of analysis tools that could be used to 

elucidate patterns of learning and adaptation within chaotic systems. Applying these 

techniques to myoelectric pattern recognition could explain complex interactions that 

occur when humans and machines co-adapt during HMI using myoelectric control. 

However, existing analysis techniques are not robust to the chaotic nature of human-
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machine co-adaptive myoelectric systems and neglect to describe key performance 

attributes when these systems are used over time. 

1.2 Objectives 

The objective of this work was to describe the possibly chaotic nature of co-adaptive 

EMG-based HMIs. The knowledge gained by analysing the dynamics of these co-adaptive 

systems may lead to a better understanding of how to design more robust myoelectric 

systems. This objective was explored through the following specific aims: 

• Specific Aim 1: Develop an experiment to observe and confirm the presence of 

chaotic behaviour in co-adaptive EMG-based HMIs.  

• Specific Aim 2:  Evaluate the dynamics of the co-adaptive system through 

Poincaré maps, a geometrical control technique used to visualize chaos. 

• Specific Aim 3: Elucidate trends and distinctions in the behaviour of the system 

through the developed framework.  
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2.  Background and Related Work 

The following chapter reviews recent advancements in myoelectric control, including 

various algorithms and adaptation schemes. The rationale behind incorporating control 

theory with co-adaptive systems is substantiated, with a focus on the anticipated chaotic 

aspect of co-adaptive systems. Finally, the techniques used in this work to control the 

co-adaptive system and analyse its behaviour are discussed. 

2.1 Pattern Recognition-Based Control Schemes 

Machine learning techniques have been widely used in myoelectric control to classify 

EMG signals from the user into a set of actions to control a device. These control strategies 

have been extensively studied in laboratory and clinical settings, and have recently been 

commercialized for clinical use [21]. The use of classification strategies has yielded high 

classification accuracies, especially in offline tasks, but inherently includes several 

shortcomings. Classification approaches only facilitate sequential control policies (one 

class or degree of freedom at a time), which limits their effectiveness for simultaneous 

multifunctional control [22], [23]. Additional classes comprised of combined motions can 

be added to the training phase to overcome this shortcoming [14], [24], but at the expense 

of increased training time and complexity, leading to fatigue and frustration for the user. 

Furthermore, while classification accuracy can be high, the association between offline 

accuracies and prosthesis usability is weak [22]. 
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2.1.1 Regression  

Regression controllers are an alternative to classifiers and are capable of supporting 

multiple degrees of freedom (DOF) concurrently [25]. Unlike the discrete output of a 

classifier, a regressor outputs a continuous control value for each DOF and does not decide 

on one specific class [26]. This method overcomes the drawback of sequential motions in 

classifiers [3], [26], [27], and instead provides independent, proportional, and 

simultaneous control of multiple DOFs [26]. Continuous control is also arguably more 

natural to users, [13], [28], [29], but is less robust to unintentional changes in activation 

patterns [30]. Nevertheless, the continuous nature of regression-based control inherently 

incorporates more feedback than discretized classification outputs, enabling users to 

develop better internal models1 [30], [31]. Stronger internal models mean that users have 

an enhanced understanding of their control and are more likely to learn from their device 

and adapt to any changes. Due to the advantages of simultaneous and continuous control, 

improved feedback, better formation of internal models, and better user adaptation, 

regression was chosen for use in this work.  

2.1.2 Position Control  

EMG control is usually employed in either position or velocity control modes, subject 

to the constraints of the application. In position control, the intensity of the muscle 

contraction is directly mapped to the position or orientation of the device through a direct 

 

1 A person’s estimate of the properties of the body and the external world is termed an internal model and 

is made stronger when more information is acquired [30], [110]. 
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relationship [32]. Alternatively, velocity control proportionally maps the intensity of the 

muscle contraction to the speed of the output [32]. Velocity control is more often used in 

clinical prosthetics, and thus research environments, because users do not have to contract 

to maintain a position [33]–[35]. Velocity control’s ability to smoothen EMG signal 

fluctuations through its derivative method is another advantage over position control [35], 

but correspondingly abstracts the direct mapping between EMG activation and position 

which has been shown to provide able-bodied users with more intuitive control and lead 

to shorter training periods [12], [32], [34], [36]. Position control has additional benefits 

when combined with regression control schemes, such as providing a higher level of 

dexterity when controlling multiple DOFs [12] and inherently providing more feedback 

[30]. Users can better understand their control when provided with a wide range of 

information through direct feedback of their motions in position control and, therefore, 

can more readily adapt to changes in the controller. User adaptation is an important factor 

in the development of effective co-adaptive HMIs, and so position control was chosen for 

this work.  

2.2 Adaptation to Myoelectric Control 

2.2.1 Algorithm Adaptation 

Pattern recognition-based control schemes, in comparison to conventional 

myoelectric control schemes, improve the functionality of myoelectric devices [6] over 

short-term use [5], but environmental changes and changes in the EMG signals over time 

preclude their long-term use without retraining [38]. Classifiers and regressors rely on 

repeatable patterns of muscle activity and are therefore confounded by changes due to 
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donning/doffing, muscle fatigue, electrode shift, and external interferences that may occur 

during everyday use [4]. Consequently, pattern recognition schemes either require regular 

retraining [10], [39] or must adapt with the user over time [3], [10], [20], [40], [41].  The 

need to regularly retrain models introduces added burden and complexity for the user and 

retraining is likely only initiated once degradation in performance has already occurred. 

Conversely, adaptive algorithms regularly (or periodically) update their model parameters 

based on changes in the EMG input to maintain performance without requiring the user to 

explicitly retrain [10], [16], [42], [43]. Adapting pattern recognition control schemes is 

challenging, however, due in part to unclear criteria for deciding when and how to adapt 

[3], [10]. The benefits of adaptive algorithms are worth the challenge, though, as they 

offer increased reliability to the changes in EMG, leading to improved and prolonged 

performance [16], [44], [45]. 

Recent studies have established additional benefits of adaptive algorithms for use with 

HMIs. Algorithm adaptation can occur in real-time and can combine training data 

collected offline with online data collected during regular use to build better models. This 

technique is particularly advantageous when initial training data are limited [40]. The use 

of static algorithms can lead to a negative effect called overfitting, whereby the machine’s 

learning process is restricted to one specific individual, and any changes in their signals 

reduces control [23]. Instead, dynamic algorithm adaptation leads to more robust control 

to changes within and across individuals [46]. When adapting an algorithm, the user’s 

intent (the true motion label) can either be known (or assumed based on some prompt) or 

unknown, leading to supervised or unsupervised adaptation, respectively [10]. 

Unsupervised adaptation can be used to account for slow and small changes in EMG 
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patterns over time and is relatively easy to implement, but an error in the assumed intent 

can lead to a negative domino effect [10], [23], [47], [48]. Supervised adaptation requires 

numerous retraining sessions to facilitate labelled data collection, but is more robust to 

these potential errors [10], [23], [47]. Despite these proposed benefits, further evidence 

and understanding of the robustness of these dynamical algorithms, especially about how 

they interact with user learning, is required [3], [10]. 

2.2.2 User Adaptation 

Focusing on adapting the controller alone overlooks the fact that the user is also 

always adapting with the provision of feedback closing the control loop [49]–[53].  During 

online myoelectric control, users receive continuous feedback on their commands and can 

adapt to the changed signal features and learn to counteract the non-stationarities [13]. All 

users naturally adapt to their myoelectric control, regardless of their initial skill with the 

control scheme [54], [55]. Humans have an instinctive ability to form internal models [56], 

[57], optimize control strategies [58], and learn new muscle synergies [59] while 

completing physical tasks as part of a real-time closed-loop system [60]. Including the 

user in the loop via feedback, such as inherent visual biofeedback [61], during the training 

stage promotes a stronger understanding between the user and their myoelectric control 

system [13], [31]. This understanding is strengthened by a user’s ability to correct 

variations and adapt to user- and algorithm-related errors in real-time [23], [41]. The 

concurrent learning process between user and machine has a significant impact on the 

performance of the system [15], [18], [43], [60], [62].  
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User adaptation is constant in HMIs and Brain Computer Interfaces (BCIs) but 

knowledge of its role in the behaviour of these systems is limited [15], [19]. Studies are 

beginning to focus on the human aspect of HMIs to determine how internal models are 

developed [63] and how their adaptation can be factored into the system design [64]. 

Researchers have also determined a need to establish metrics that can better describe a 

user’s skill in the use of HMIs [19]. One such metric is the Transfer Index which quantifies 

user learning and has been used to demonstrate knowledge transfer between similar tasks 

through the generalization of knowledge [65], [66]. All these studies show that user 

adaptation is key to a successful HMI but it is not enough to combat the deterioration of 

EMG signals in myoelectric control [15]. Rather, a complementary combination of 

machine adaptation and user adaptation is required to balance the system [67]. Indeed, 

recent research has proposed models that consider the push and pull of information 

between both the user and machine as they work towards achieving optimal performance 

[17], [68]. 

2.2.3 Co-Adaptation 

Due to the improved results that have been observed when control algorithms and 

users adapt, researchers have combined both subsystems into co-adaptive environments. 

BCIs [40], [69], [70] and HMIs [18], [42], [71] have both benefited from co-adaptive 

control schemes by enabling the user and machine to learn concurrently in real-time. 

Co-adaptation can be particularly useful when implemented during the training stage of a 

myoelectric prosthesis as both user and machine learn to converge to a synergistic strategy 

more readily [14], [42]. Users who were previously unable to control their BCI have been 
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able to do so when the adaptation of the machine and user are considered [11], [69]. The 

user and the machine are then set within a periodic process of adapting and retraining. 

This amalgamation of user-in-the-loop adaptation and machine learning is thought to 

improve control and performance in myoelectric devices but the robustness and stability 

of this dual-learner framework remain underrepresented in the research literature [14], 

[15], [17], [72].  

 

In the dual-learner framework portrayed in Fig. 2-1, each learner is modelled as a 

subsystem that works with and responds to the changes of the other learner, creating a 

dynamic control system. These concurrently learning subsystems aim to generate an 

optimal solution [43] and, in principle, both converge towards a common control strategy 

[73] by repeating the adapting and retraining processes periodically.  Although this 

concept is theoretically sound, results from practical applications disagree. Adequate 

control for research applications can be achieved in co-adaptive systems like HMIs and 

BCIs, but their practical use has been restricted by their control instability and suboptimal 

performance [14], [17], [20]. The lack of understanding about the reason for the instability 

and the uncertainty about the behaviour of the dual-learner framework have impeded its 

progress.  

Figure 2-1: Human-Myoelectric-Machine Co-Adaption Flowchart 
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2.3 Control Theory 

An overarching theme in many related studies is that there is an inadequate 

understanding of the dynamics of adaptation and what constitutes robustness and optimal 

performance in adaptive systems [3], [10], [17]. While the field of myoelectric control has 

largely maintained a signal processing perspective on these issues, the analysis of 

dynamics and optimal performance of such systems is founded in control theory. 

Exploiting controls-based attributes of co-adaptive systems, such as their periodicity as 

they loop between an adapting phase and a training phase, may provide additional 

information that could be used to further analyse and control these systems. BCI research 

has begun to apply control theories to co-adaptive systems to develop better models and 

help learn how to enhance the performance of co-adaptive systems [63], [74], [75]. A 

co-adaptive HMI can be modelled as a 4th order system with two subsystems that are 

periodically updated by the input and output control signals (Fig. 2-1).  

The system’s high order is caused by the human and machine’s dependency on their 

past states through a time-step delay, requiring second-order dynamics to describe each 

subsystem. The nonlinearity of the system stems from the dependency of the human’s 

state on the machine state and vice versa, causing the gains of each subsystem to be 

dependent on the other. This model is contrary to existing studies that do not take into 

account the time-delayed human and machine states and instead assume a 2nd order linear 

model for the co-adaptive system [17], [74]. In an HMI model, the isolated machine can 

be classified as deterministic because the same set of inputs will produce the same set of 

outputs. The human also attempts to produce the same output for a given set of inputs, 

however, the output is always corrupted by noise [17] and is therefore classified as a 
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stochastic process. Existing works, therefore, have assumed that co-adaptive systems are 

a combination of deterministic and stochastic, but neglect that the system is nonlinear, 

periodic (due to its update in states at discrete time-steps), and higher than 3rd order. 

Taking these factors into consideration suggests that these systems are not only stochastic 

and deterministic, but possibly also chaotic [76]. 

Chaos in dynamic systems may manifest as a seemingly random state of disorder but 

is a deterministically-led process that is sensitive to changes in the initial conditions of the 

system. It was a mathematician named Lorenz who first established the theory of chaos 

while trying to model weather [77]. Meteorology is deemed chaotic as it can never 

practically be 100% confident due to an almost infinite number of internal or external 

parameters that can change and affect the weather and its forecast [78]. The game of 

roulette is another real-world system that exhibits chaos; a player may develop an intuition 

about where the ball will land based on their past participation and bet on that certain play, 

only to have their “luck” run out when the ball lands on a different tile. This change from 

presumed knowledge of the endpoint to an unpredicted roll has been attributed to “luck” 

but is actually the shifting of states from stable to unstable equilibrium points in a chaotic 

system, dependent on initial conditions such as the speed of the wheel spin or the force of 

the ball drop. Chaos presents itself in many such real-world applications and this work 

evaluates its presence in co-adaptive HMIs. 

The possibility of chaos in co-adaptive systems arises from their structure and 

operation. Each subsystem in a co-adaptive myoelectric HMI is a 2nd order system. As 

these systems’ dynamics interact with each other in a feedback loop, a unique system that 

exhibits higher-order dynamics is created. Additionally, the interaction of human and 
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machine subsystems necessitates the dependency of one on the other. The control of each 

learner (gain) is based on the output variables of the other learner, which is dependent yet 

again on the gain of the subsystem. Given that the states of the system are dependent on 

other states of the system, the co-adaptive system is inherently nonlinear (see Equations 

(1) and (2)). The co-adaptive system then advances at fixed interval time steps using the 

information output from the previous interval, causing the system to be periodic. The 

combination of these factors leads to the possibility of chaos, making the deterministic 

HMI more susceptible to initial conditions and increasing the difficulty of long-term 

prediction [76]. A mathematical technique that can take advantage of these factors to 

assess the stability of these chaotic systems is therefore needed to better control 

co-adaptive HMIs.  

𝒈𝒂𝒊𝒏𝟏 = 𝒇𝟏(𝒑𝒂𝒓𝒂𝒎𝒆𝒕𝒆𝒓𝒔𝟏, 𝒐𝒖𝒕𝒑𝒖𝒕𝟐) (1) 

𝒈𝒂𝒊𝒏𝟐 = 𝒇𝟐(𝒑𝒂𝒓𝒂𝒎𝒆𝒕𝒆𝒓𝒔𝟐, 𝒐𝒖𝒕𝒑𝒖𝒕𝟏) (2) 

Where the output of each subsystem is dependent on the gain of the other subsystem, as 

in Equation (3) and (4). 

𝒐𝒖𝒕𝒑𝒖𝒕𝟏 = 𝒈𝟏(𝒑𝒂𝒓𝒂𝒎𝒆𝒕𝒆𝒓𝒔𝟏, 𝒈𝒂𝒊𝒏𝟏) (3) 

𝒐𝒖𝒕𝒑𝒖𝒕𝟐 = 𝒈𝟐(𝒑𝒂𝒓𝒂𝒎𝒆𝒕𝒆𝒓𝒔𝟐, 𝒈𝒂𝒊𝒏𝟐) (4) 

2.3.1 Poincaré Maps  

Although there are many possible tools with which to analyse chaotic systems [76], a 

simple yet effective method is through Poincaré mapping. This technique is 

quantitative-visual and the shape of the map can be used to assess the stability of a system 
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[76], [79]. Poincaré maps plot the intersection of a periodic orbit with a 

lower-dimensional, transversal surface, called a Poincaré section [80]. Poincaré maps can 

be thought of as “next return maps” as they are used to calculate the next trajectory of a 

system given its previous intersection with the Poincaré section [81]. This visualization 

tool is a valuable analysis technique due to its ability to display nonlinearity in sequential 

data [79]. It can describe the approximate behaviour of the dynamics of a system in a 

lower dimension and can do this without the knowledge of the system’s dynamic 

equations [82].  

Poincaré maps take advantage of the periodicity of systems to analyse their stability 

and demonstrate any chaotic effects. If the intersection of the periodic orbit with the 

Poincaré section occurs at the same location over fixed time intervals, then the system’s 

orbit is stable [83], [84]. Conversely, if the deterministic system displays aperiodic 

behaviour that is dependent on initial conditions and changes in states, then it exhibits 

chaos [76]. A Poincaré map can be used to visualize this aperiodicity, making it a useful 

tool for chaotic system analysis. Fig. 2-2 shows a trajectory intersecting a Poincaré 

section. The location of trajectory points at each step interval (e.g. x1) is then plotted 

against its previous location (e.g. x0). A Poincaré plot of the progression of each periodic 

interval’s intersection points can provide information about the system’s stability and may 

elucidate any chaotic behaviour in the system. 
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Figure 2-2: System trajectory intersecting a Poincaré section (𝚺) at points x0, x1, and x2 over fixed 

time intervals [85] 

Poincaré maps have been used in biomedical research to analyse gait, 

electroencephalograms (EEG), electrooculograms (EOG), electrohysterogram (EHG), 

and signal changes in EMG, but are mainly used in measuring heart rate variability in 

electrocardiograms (ECG) [79], [82], [86]–[88]. In this work, Poincaré maps are used to 

analyse the proposed chaotic nature of co-adaptive myoelectric systems over time and 

explore how their dynamics behave as different experimental parameters are varied.  
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3.  Method and Experimental Procedure 

The choice of the control scheme, adaptation method, and visualization tool made in 

this work are all motivated by the goal of identifying chaotic behaviours in co-adaptive 

human-machine control. A supervised EMG-based regression control scheme, Support 

Vector Regression (SVR2), is used to control a screen-based cursor in a closed-loop 

experiment. Position control is used to improve the interpretability of feedback and foster 

the development of strong internal models. In this work, we propose that the resulting 

co-adaptive system is chaotic, and results are therefore investigated using Poincaré maps, 

an analytic technique used in high-order, nonlinear systems.  

3.1 Data Collection 

We explored these ideas in a series of three longitudinal case studies (all female, right-

handed, ages 35 ± 18 years) with varying levels of myoelectric control experience to 

evaluate their performance with a co-adaptive myoelectric control system. The 

implications of the world-wide COVID-19 pandemic affected the sample number of this 

experiment, but allowed for a more in-depth, longitudinal study. Before they participated 

in this experiment, Subject 1 (S1) reported having no experience, Subject 2 (S2) had 

moderate, and Subject 3 (S3) had extensive experience with myoelectric control. Subjects 

provided informed consent as approved by the UNB Research Ethics Board (REB #2020-

 

2 Support Vector Regression (SVR) is a supervised pattern recognition algorithm that has shown superior 

performance in Fitts’ law metrics and processing speed during real-time control of simultaneous and 

proportional myoelectric control of multiple DOFs [35], [111]. 
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021). Data were collected from each subject over 40 sessions spread across 10 different 

days to capture changes in control behaviour over time [89]. Each day consisted of four 

sessions that lasted approximately 40 minutes each. Eight Delsys Trigno sensors with 2 

kHz sampling frequency were attached equidistantly around the user’s dominant forearm, 

at approximately one-third the length of the forearm, distal to the elbow. The user then 

placed their arm in a plexiglass brace that constrained their forearm and wrist to ensure 

wrist contractions were isometric. Throughout the experiment, the user performed wrist 

extension, wrist flexion, wrist abduction, and wrist adduction contractions to train the 

model and control a cursor on a screen during a target reaching task. 

3.1.1 Experimental Setup 

Each session consisted of 16 Fitts’ Law-style target acquisition sets [90], [91] over 

three stages - 4 Baseline sets, 10 Feedback-Enabled sets, and 2 Testing sets - as shown in 

Fig. 3-1. The first stage was used for training and provided no feedback to the user as they 

were performing the prompted target-reaching tasks. Data from the first stage was used to 

train the controller for the second and third stages, where feedback was provided.  

Baseline stage- 

4 sets 
Feedback-enabled stage- 

10 sets 

Testing stage- 

2 sets 

Figure 3-1: Protocol layout explaining number of sets in each stage; black arrow representes regressor 

training while green arrows represent regressor adaptation if protocol condition required it. 
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 Each set presented 20 targets to the user who then performed wrist contractions with 

intensities corresponding to the distance from the origin to the prompted target (see Fig. 

3-2). These targets were square with a fixed width of 15 units and were located either on 

the x or y-axis and at one of five different positions, ranging from 0 to 100 units away 

from the origin. For the furthest target, the user was asked to elicit the maximum wrist 

contraction intensity that they would be comfortable sustaining throughout the full 

session, known as the Maximum Voluntary Contraction (MVC). During the Baseline 

stage, users were asked to elicit contraction levels consistent with 0%, 10%, 20%, 30%, 

and 40% of their MVC to reach targets located at the 0, 20, 40, 60, and 80 position marks 

on the positive and negative x and y axes.  In this stage, the user performed wrist 

contractions with the assumption that their intensities were accurate and repeatable 

enough to reach the target across multiple sets.  

These 20 target-reaching tasks were repeated for 4 sets after which a model was 

trained. The subsequent Feedback-Enabled and Testing stages employed targets located 

at the 0, 25, 50, 75, and 100 position marks, which corresponded to the contractions of 

0%, 25%, 50%, 75%, and 100% of the user’s MVC (Fig. 3-2). The 20 targets in each set 

were presented to the user in a randomized order to promote active thinking and reduce 

possible learning effects arising from muscle memory. Data from the final two stages were 

used to test the performance of the co-adaptive system.  
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Figure 3-2: Left: Screenshot of the Fitts’ Law Environment interface during the Feedback-Enabled 

stage. The black circular cursor is reaching from the centre of the screen towards the square target 

positioned at the 50% mark (for this specific example). The path that the cursor takes is displayed in 

real-time to the user as a red trail.  

Right: All possible target locations in the Feedback-Enabled and testing stages overlaid on the 

Fitts’ screen, corresponding with 0%, 25%, 50%, 75%, and 100% MVC on the positive and negative 

x and y axes. 

 

3.1.2 Experimental Protocol Variations 

Two independent experimental parameters - the extent of machine adaptation and the 

amount of data used in training the algorithm - were varied to produce four combinations 

of the experimental protocol, as described in Table 1. Combinations of adapting (𝐴) and 

non-adapting (�̅�), with a limited (or sparsely-trained, 𝑆) or a fully informed 

(non-sparsely-trained,  𝑆̅) algorithm were evaluated. These comparisons explored whether 

changes in the control scheme can affect user learning and the overall stability of the user-

machine interaction.  

The non-sparsely trained algorithm, 𝑆̅, used the full dataset collected from the user 

whereas the sparsely-trained algorithm, 𝑆, only used data collected when the user was at 
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rest position and the maximum distance target. Both the adapting and non-adapting 

systems, 𝐴 and �̅�, respectively, trained an initial regressor using data collected during the 

baseline stage. During the adapting sessions, 𝐴𝑆 or 𝐴𝑆̅, however, the regressor was 

cleared, retrained, and updated after each target acquisition set during the 

Feedback-Enabled stage, using only the data collected from the set the user had just 

performed. Therefore, the user was unknowingly presented with a new controller at each 

set in the Feedback-Enabled stage when the system was adapting. This process was done 

to facilitate the comparison of two extremes of adaption – no adaptation at all, vs a 

complete retraining of the regressor. 

It should be noted that two of the three subjects were unaware of this adaptation 

procedure and were simply given instructions to perform 12 Feedback-Enabled sets after 

the initial four baseline sets. The third subject was the first author of this work and, 

therefore, knew the experimental design and session type. The order of sessions was 

randomized each day and individually for each subject to avoid user bias towards any 

particular algorithm combination. 

Table 3-1: Labels used for the four session types evaluated in the experiment based on the 

two-parameter changes chosen for this experiment. 

 Full Adaptation (𝑨) No Adaptation ( �̅�) 

Sparse Training (𝑺) 𝐴𝑆 �̅�𝑆 

Non-sparse training ( �̅�) 𝐴𝑆̅ 𝐴𝑆̅̅̅̅  
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Subjects began every set with their wrist relaxed and, correspondingly, with the cursor 

near the centre of the screen. In the baseline stage, during the one-second intervals before 

a target was displayed, a grey square marker was placed in the position of the upcoming 

target to inform users of their next action. As all subjects were right-handed, positive and 

negative targets on the x-axis related to wrist extension and wrist flexion, respectively, 

while targets on the y-axis required wrist abduction (positive) and wrist adduction 

(negative). Once the trial began, the target became red and the user had 3 seconds to elicit 

and maintain a wrist contraction consistent with the target position. The user was then 

instructed to rest, returning the cursor to the centre of the screen for one second between 

targets. During this second, the upcoming target was once again revealed by a grey square. 

These target-reaching tasks were repeated for the 20 trials in each baseline set. This 

concept was replicated in the Feedback-Enabled and testing stages, but no information 

about the upcoming target position was provided to the user. Instead, the user saw their 

cursor move in real-time as they altered their wrist contractions to reach the target position. 

The target changed colour from red to green if the subject managed to place the cursor in 

the target successfully. Subjects were made aware of the length of time remaining in each 

trial by a countdown bar at the bottom of the screen (Fig. 3-2). 

Data collected during the baseline stage were used to train the regressor that controlled 

the cursor in all subsequent sets of the non-adapting protocol variations (�̅�𝑆 and 𝐴𝑆̅̅̅̅ ) and 

the first set of the Feedback-Enabled stage of the adapting protocol variations 

(𝐴𝑆 and 𝐴𝑆̅). The first of the four sets collected in the baseline stage was discarded to 

reduce the impact of learning the protocol during the first set. From the remaining three 

baseline repetitions, the two that yielded the highest correlation with the sequence of 
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targets were used to train the regressor. As shown in Fig. 3.3, the user’s elicited position 

data (shown by the black signal) were compared to the intended target positions (shown 

in red), and the coefficient of determination (R2) was calculated between the two 

sequences. This was repeated for each DOF, because a separate SVR was trained to 

control motions in the x and y axes, referred to as DOF 1 and DOF 2, respectively. In the 

adapting protocol variations (𝐴𝑆 and 𝐴𝑆̅), each of these regressors was updated after each 

set in the Feedback-Enabled stage but not after the 10th Feedback-Enabled set, so that the 

user had some experience with the final controller before the testing stage.  

 

Figure 3-3: Comparing the ideal target position to the obtained user position using R2, using an 

example subject’s DOF 1 performance. 
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3.1.3 Signal Processing 

 The software used to conduct the experiments was an extension of the custom-built 

University of New Brunswick Acquisition and Control Environment (ACE) program in 

MATLAB® [92]. Data from the EMG signals were notch filtered with a third-order 

Butterworth filter to remove powerline noise at 60 Hz, 180 Hz, and 300 Hz. Five common 

time-domain features - Mean Absolute Value, Wilson’s Amplitude, Slope Change, 

Waveform Length, and Zero Crossings [6], [93] - were extracted from overlapping 

windows of 320ms (with 128ms increments) and used to train the SVRs [94], [95].  

The SVRs were implemented using the LIBSVM codebook [30], giving users control 

over both DOFs simultaneously and independently, although users were only required to 

intentionally activate one DOF at a time to reach any given target. A 1€ filter [96] was 

applied during the Feedback-Enabled and testing stages to reduce the amount of noise 

inherent in EMG-based position control. A 1€ filter is an adaptive form of a low-pass filter 

whose cut-off frequency changes to ensure smooth cursor movements regardless of the 

speed of control. The filter cut-off is dynamically raised during rapid motions to ensure 

responsiveness but dropped during slow motions to emphasize smoothness.  

Additional position gains were applied to the cursor control to ensure that the user’s 

max intensity coincided with the boundaries of the GUI. Data from each session’s baseline 

stage was used to calculate the position gains for each DOF and the position gains were 

not changed throughout the experiment to reduce the number of adapting elements that 

may affect learning. These measures were taken to provide comfortable and intuitive 

position control to the user. 
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3.2 Observing Performance Metrics 

The following section outlines the various performance metrics used in this work. 

3.2.1 Conventional Method 

EMG data are commonly collected from a given user over a period of time and 

may represent the muscle signals from multiple actions. Simple time series visualization 

of metrics extracted from these signals is common when analysing changes over time. 

Consequently, in this work, time series plots of data over the 10-day experiment are used 

as a baseline visualization technique. 

3.2.2 Poincaré Maps 

3.2.2.1 Overview 

Typical myoelectric-control metrics are commonly used to measure changes in signal 

patterns and features of EMG but are computed in isolation and neglect how the dynamics 

of the human-machine control loop change with adaptation. Poincaré maps can be used to 

analyse the stability of a system by focusing on the periodicity of its dynamics. The 

co-adaptive HMI system in this work is periodic because the user and machine adapt and 

retrain at every set of the training and testing phase. However, a lack of periodicity in the 

co-adaptive system’s observed results due to changes in initial conditions or state 

parameters can be used as an indication of chaos. Poincaré maps capitalise on this 

phenomenon and provide information on a system’s dynamics that may not be detected 

using traditional time series methods [97].  
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A Poincaré map of a system orbit uses a Poincaré section, which is a lower-dimension 

plane transverse to the flow of the orbit trajectory, as seen in Fig. 3-4. The intersection of 

this periodic trajectory with the Poincaré section is plotted against its previous intersection 

to form a Poincaré map. In other words, if {y1, y2, y3, ...} is the set of intersections of a 

trajectory with the surface of a section, then the Poincaré map can be defined by Equation 

(5) [81]. Poincaré maps are useful for analyzing the dynamics of a periodic system to 

describe its chaotic nature by looking at the progression of trajectories and determining 

its stability from the shape of these plots. In this work, Poincaré maps will be used to 

assess the stability of co-adaptive HMI systems as they perform an iterative Fitts’ law-

style target acquisition framework.  

𝑷(𝒚𝒏) = 𝒚𝒏+𝟏 (5) 

 

Figure 3-4: Periodic orbit intersecting the planar surface 𝚺 [98] 

3.2.2.2 Poincaré Map Behaviours 

To provide context for how system dynamics are affected when the human-machine 

system adapts, a set of reference graphs was created based on how typical Poincaré maps 

behave for a range of systems (Table 3-3). Without noise and inherent randomness, the 

behaviour of these systems would be deterministic, as represented by the left column of 
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Poincaré plots in Table 3-3. However, EMG is stochastic and variability in the signals 

affects the behaviour of the Poincaré maps, as represented by the rightmost column. The 

initial conditions used in the models that generated these examples, the length of time the 

Matlab differential equation solver ran for and the time-steps chosen for the solver, affect 

the Poincaré map. A Poincaré surface of x=0 (the yz plane) was used to determine the 

intersection of the trajectory of the simulated examples. These intersection points are 

mapped to themselves at shifted time-steps (n vs n-1), forming the Poincaré maps of the 

example systems in Table 3-3.   

Table 3-2: Examples of Poincaré maps for a variety of dynamical systems. In the figures, the red y=x line 

represents the unity line and the ‘1’ represents the starting point of the trajectory.  
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As shown in Table 3-3, the behaviour of a stable system, modelled as a mass-spring-

damper system, elicits a Poincaré map with a slope of less than one that converges towards 
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the unity line. Comparatively, an unstable system, such as a second-order, nonlinear 

system, yields a slope greater than one and diverges away from the unity line. When 

Gaussian noise is added to the stable and unstable systems, as seen in the corresponding 

figures in the stochastic column of Table 3-3, the systems exhibit similar behaviour, but 

with greater variability as they move towards or away from the unity line. This latter 

behaviour may more closely resemble potential observations of stochastic EMG-based 

control schemes.  

Other potential manifestations of dynamic systems include oscillatory, bipolar, spiral, 

and chaotic systems.  

• Oscillatory systems intersect a Poincaré surface with a sequence of trajectory 

points that alternate in value. Poincaré maps of deterministic oscillatory systems, 

such as a Rossler Attractor, shown in Table 3-3, have little to no variation along 

the main differentiator axis (also called SD2, as represented in Fig. 3-5) but 

oscillate across the unity line, signifying instability. Stochastic oscillatory systems 

display more variability and a larger range across the unity line than the precise 

oscillations of deterministic systems, seen in the stochastic column of Table 3-3.  

• Spiral systems are periodic. They are affected by the equilibrium point of the 

system and can converge towards, or diverge away from, the equilibrium point 

over time. A stochastic spiral may intersect multiple times as it moves relative to 

the equilibrium point and may take a longer time to reach the equilibrium point 

than a deterministic system (Table 3-3).  

• Poincaré maps of bipolar systems, such as the damped inverted pendulum in Table 

3-3, can shift from good performance to bad performance but do not alternate like 
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an oscillatory system. Instead, these systems fluctuate along the unity line, shifting 

back and forth from the top half to the bottom half of the unity line and vice versa. 

A person using a bipolar myoelectric co-adaptive system may experience easy and 

accurate control for a few repetitions of the task but suddenly find themselves 

losing control when reaching towards their target, or vice versa.  

• An example of a chaotic system is the Lorenz attractor, modelled in Table 3-3. 

This system’s Poincaré map neither converges to nor diverges away from the unity 

line but appears to move randomly when its equation is both deterministic and 

stochastic. However, the Poincaré plot of this chaotic system remains within a 

bounded radius, and the size is variable depending on the system.  

Accordingly, these simulations are provided to guide the interpretation of this work’s 

results.  

3.3 Performance Metrics 

Various performance metrics were recorded throughout the experiment including the 

time taken to reach the target, the success rate of reaching the target, the path that was 

taken from start to end, and the reaction time. Following each set, the subject was asked 

to rate their control as being either easy, reasonable, possible, or impossible, based on the 

perceived level of effort needed to reach the target.  

3.3.1 Usability Metrics 

Throughput, the standard summary performance measure obtained from a Fitts’ law 

test, was computed during each set to measure the effects of learning, adaptation, and 

sparsity. Various throughput measures were used in this work, as defined in Table 2 [91] 
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Table 3-3: Definitions of Fitts' Law Performance Metrics Used 

 

An unsupervised dimensionality reduction tool, principal component analysis (PCA), 

was used to project the extracted features into a 2-dimensional feature space for 

visualization purposes. The first two PCA projections of the data from the Feedback-

Enabled and testing stages from each session were plotted to identify any trends across 

sessions. The resulting plots demonstrated the variation in motion data across the 12 sets 

of target-reaching tasks, for comparison across the different protocol conditions.  

User adaptation was quantified using the repeatability index (RI) and separability 

index (SI) metrics developed by Bunderson and Kuiken (2012) [100]. The RI index was 

used to measure how well the user replicated EMG patterns over the 12 sets of 

target-reaching tasks per session. SI was used to measure how distinguished the motions 

were over the 12 sets in the Feedback-Enabled and Testing stages for each session as 

protocol conditions changed. Both SI and RI values were normalized to allow for better 

Metric Definition 

Throughput 

(TP) 

Overall human performance relating the Fitts’ index of 

difficulty to the movement time. (bits/s) 

Effective Throughput 

(TPe) 

Normalization of throughput by the effective width of the 

target, calculated as 4.133 ∗ 𝑆𝐷𝑥 where SDx is the 

standard deviation of the target coordinates, to increase the 

accuracy of the performance metric [99]. (bits/s) 

Effective Throughput 

for all targets 
The average TPe of the 20 targets per set. 

Effective Throughput 

of target 100 

The average TPe of the full-distance target on each axis 

per set.  
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comparison across subjects and protocol changes. These indices are typically used with 

classification schemes and are calculated using the existing classes of motion [100], [101]. 

However, as a regression model was used in this work, the data collected had to be 

manually separated based on the amount of data that was collected per set to calculate the 

RI and SI values. The RI metric was reciprocated in this work to better denote value to 

meaning [101]. In other words, increasing repeatability and separability values over 

iterations signified improved pattern control and that the user was learning [101].  

To support subsequent analyses, the coefficient of determination (R2) was computed 

between the cursor’s position on the screen and the target position for each set in the 

Feedback-Enabled and testing stage, as explained by Fig. 3-3.  This metric, here called 

User-Target Position R2, was primarily used in combination with control techniques to 

define user adaptation over time. The closer the R2 value was to 1, the closer the user’s 

cursor position matched the target position, representing strong user performance. The 

dynamics of the regressor were observed through the changing trends of the median of the 

first principal component over the 12 sets in the Feedback-Enabled and Testing stages, 

here called Regression Monitoring. This trend visualizes any behavioural changes in the 

system, such as divergence or convergence, when protocol combinations were varied. R2 

and the Regression Monitoring metric provided quantitative and qualitative means from 

which to evaluate user learning, machine adaptation, and concurrent adaptation of both 

subsystems. 
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3.3.2 Poincaré Standard Descriptors 

Not all systems follow the example mappings seen in Table 3-3 but may instead form 

a radially bounded cloud of points. Such Poincaré plots can be described by their spread 

using the standard deviation along particular axes relative to the unity line. The label SD1 

is given for the standard deviation that is perpendicular to the major axis of variation, 

whereas SD2 is given to the standard deviation perpendicular to the minor axis of variation 

(Fig. 3-5).  

 

Figure 3-5: Poincaré map with both main axes labelled. SD1 and SD2 are determined by the 

distribution of points along the minor axis and the major axis respectively. 

 

These two metrics represent different aspects of the system’s behaviour and are 

mathematically defined by (6) and (7), as defined by [79], [86], [87]. 

𝑺𝑫𝟏 =
√𝟐

𝟐
𝑺𝑫(𝒙𝒏 − 𝒙𝒏+𝟏)  (6) 

𝑺𝑫𝟐 =  √ 𝟐𝑺𝑫(𝒙𝒏)𝟐 −
𝟏

𝟐
𝑺𝑫(𝒙𝒏 − 𝒙𝒏+𝟏)𝟐  (7) 
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SD1 represents the short-term variability of the system from one epoch to the next 

[79], [86], [87], [102], [103]. If SD1 is large, then the system’s behaviour varies within 

sessions, and practically, suggests that the user is oscillating between a well-controlled 

repetition with good performance and a poorly controlled repetition with worse 

performance. If SD1 is small, then control is repeatable over time and suggests that the 

user is understanding the system. SD2 is the long-term variability in performance across 

all epochs and this progression of system performance over the span of days can be used 

as a measure of learning. If SD2 is large while SD1 is small, it represents a consistent 

learning effect without much deviation in performance. 

The ratio of SD1 to SD2 is used in the Poincaré literature to represent the randomness 

in the variability of the system [86], [87].  This ratio characterizes the clarity, sharpness, 

and linearity of the scatter pattern to describe the dynamic behaviour of the time series 

signal without the use of a model [86], [104], [105]. A low ratio signifies higher linearity 

and clarity with a tighter spread along the unity line. A high ratio represents greater 

uncertainty in the changes in the data pattern, relating lower confidence in the co-adaptive 

HMI system’s decisions and, therefore, inferior performance. For context, Table 3-4 and 

Fig. 3-6 show the ratios for the examples show in Table 3-3. 

Table 3-4: SD ratio values calculated from the simulated deterministic models in Table 3-3 

System Type SD Ratio 

Stable 0.143 

Bipolar 0.227 

Chaotic 0.731 

Oscillatory 1.191 

Spiral 1.399 

Unstable n/a 
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The relatively high SD ratios calculated from the simulated deterministic oscillatory 

and spiral examples in Table 3-3 signify high variability across the unity line (high SD1, 

seen in Fig. 3-6) without convergence to an equilibrium point. The SD ratios calculated 

from the deterministic stable and bipolar systems are low, representing low variation 

across the unity line (low SD1, Fig. 3-6) and high adaptation as time passes (high SD2, 

Fig. 3-6).  

 

Figure 3-6: Representing the six typical Poincaré plots based on their SD1 and SD2 values 

The simulated chaotic system’s SD ratio showed that there was higher long-term 

variance than short-term variance (Fig. 3-6), but its value was not as low nor as high as 

the other simulated systems. The simulated unstable system was exponentially unstable, 

leading to an exponential difference between each time-step, a negative argument in the 

square root term in Eq. [3] and a complex value for the SD ratio (Table 3-4). Therefore, 

both practically and analytically, unstable systems exhibit unwanted dynamics. The 
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standard deviation metrics and their ratio are used in this work to analyse the stability of 

co-adaptive systems. 

Now that SD values were calculated for a range of system dynamics, we can 

investigate how these metrics behave for co-adaptive HMIs. Ideally, a co-adaptive system 

would be stable with a low SD ratio. Higher SD ratios show erraticism in the system’s 

performance and can be indicative of a disconnect between user and machine. This 

disconnect can arise from a delay in the system or feedback or an adaptation rate that is 

not sustainable by the dual-learners. If the system is not adapting and there is only one 

learner in the HMI, then a high ratio is expected while the user is learning how to control 

the system before eventually stabilizing in performance and achieving a low SD ratio. 

However, when the human and machine are concurrently learning without a 

complementary rate of adaptation, we expect a result akin to that of a chaotic system. 

In this work, subjects were asked to perform the same experimental protocol 16 times 

per session, equating each set to a time-step and making this system periodic. The data 

collected from each session’s Feedback-Enabled and Testing stages were analysed 

through five metrics. This resulted in 12 values for each metric (excepting RI and SI which 

had 11 values since the first day was used for comparison purposes). These values were 

then labelled with time-steps such that they represented the present (n) and past (n-1) 

values of the cycle. The present (n) sequence consisted of the second to the last value of 

each metric and the past (n-1) sequence consisted of the first to the penultimate value, 

reducing the cycle by one (11 for each metric except RI and SI which had 10). The present 

sequence (n) was plotted against the past sequence (n-1) to form the Poincaré maps.  
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 The metrics chosen in this work focus on different aspects of the co-adaptive 

system. The experiment was set in a Fitts’ Law environment and so a commonly used 

metric in myoelectric research (average effective throughput) was chosen to focus on the 

performance of the user and machine in a target-reaching setting. Repeatability and 

separability indices were chosen to measure the robustness of the pattern recognition 

control scheme over time. The User-Target Position R2 was used to test the user’s learning 

and performance through repeated iterations of the experiment. The Regression 

Monitoring metric was designed to measure the trends of the regressor as the level of 

adaptation and training data was varied in the experimental protocols. These metrics, 

much like the learners in a co-adaptive system, work together to provide information about 

how the systems behave over time. The knowledge gained by observing the behaviour of 

each of these metrics can be accumulated to guide further studies on the stability of chaotic 

co-adaptive myoelectric HMIs.   
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4.  Results and Analysis 

The objective of this work was to describe the dynamical nature of human-machine 

co-adaptive systems, as existing techniques do not provide this information. Poincaré 

maps were chosen as the tool in this work to illustrate the data for three subjects from 40 

different sessions across 10 days. The data collected were analysed through three typical 

metrics (Fitts’ Law Effective Throughput, Repeatability Index, Separability Index) and 

two novel metrics (User-Target Position R2, Regression Monitoring). The time series and 

Poincaré maps of each of these metrics were plotted and compared. It was expected that 

the Poincaré mappings should provide more information about the dynamics of the system 

and the user-machine behaviour throughout the experiment than conventional time series. 

The Poincaré map provides a visual and empirical (with the aid of standard descriptors 

SD1, SD2, and SD ratio) evaluation of the system’s dynamics over short and long periods. 

In this work, we compare the Poincaré plots of our case studies to that of simulated 

systems (Table 3-3, 3-4) to interpret co-adaptive HMI systems’ dynamics. 

The effects of changes in the protocol and subject’s EMG control experience on 

learning over the 10 days were evaluated. The dynamics of the co-adaptive systems were 

drawn from the Poincaré maps and their associated SD values. As this visualization tool 

yields many plots, this section will only display comparisons between S1 (novice) and S3 

(experienced), to simplify the analysis. S2 corroborated the findings of this study, and 

some of their results can be found in the Appendix under section 7.3. The following 

sections describe the observed similarities and differences between the time series and 

Poincaré maps for the Fitts Average TPe, Repeatability Index, and User-Target Position 

R2 metrics. The results and analysis from the Separability Index and Regression 
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Monitoring metrics can be found in the Appendix under sections 7.1 and 7.2 respectively. 

The results from all five metrics agreed with the results presented in this chapter.  

4.1 Fitts’ Law Average Effective Throughput (TPe) 

The experimental design was set in a Fitts’ Law environment where the user was 

tested on their ability to reach a target from a starting point within a given length of time. 

This enabled the use of the summary TPe metric in evaluating the system performance. 

4.1.1 Time Series Analysis 

Fig. 4-1 shows the time series plot of the average TPe values of each set in the 

Feedback-Enabled and Testing stages across the 10 days. The data are organized by 

subject and protocol combination. A line of best fit of each subject’s TPe performance 

over the four protocol combinations was overlaid on the subplots. From the line of best fit 

in Fig. 4-1, we can see that S3’s performance decreased when using the sparsely-trained 

algorithm (�̅�𝑆, 𝐴𝑆), independent of algorithm adaptation. No real conclusions can be 

made about subject performance from the best-fit line of the TPe time series plots.  
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Figure 4-1: Fitts' Law average TPe for all 3 subjects over the 10 days. Dotted lines represent the line 

of best fit. 

4.1.2 Poincaré Mapping 

S1’s average TPe Poincaré map is displayed in Fig. 4-2 and S3’s in Fig. 4-3. S1 

had the least amount of experience with EMG control and their time series did not provide 

substantial information, so the behaviour of their TPe through a Poincaré map was 

particularly informative. Higher variability across the Poincaré unity line can be seen 

when the adaptive protocol was used compared to the non-adaptive. Yet S1 was able to 

achieve higher throughput when using the non-adaptive controller, as seen by Fig. 4-2 a 

and c, representing a higher accuracy to speed ratio in their movements.      
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Figure 4-2: Poincaré map of Fitts' Law average TPe, S1 across the 10 days 

 S3’s Poincaré map in Fig. 4-3 shows tightly bound TPe when training with all data 

(4-3a, 4-3b). One can see outlying TPe values during the subject’s final days’ performance 

in Fig. 4-3, similar to that of the time series plot in Fig. 4-1. Overlooking these outliers, 

we see that the subject’s TPe values remained within a bounded radius which was larger 

during the �̅�𝑆 protocol (4-3c) than other protocols. This enlargement is due to the increase 

in long-term variability seen along the unity line halfway through the subject’s 10-day 

experiment. 
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Figure 4-3: Poincaré map of Fitts' Law average TPe, S3 across the 10 days 

4.1.3 Learning Analysis 

 It is useful to know whether a user is learning from their training sessions, so we 

analysed the time series TPe maps for learning effects. The Poincaré map of S1’s TPe 

performance provides information on a learning effect over the 10 days. In Fig. 4-2d, we 

can see that the user initially varied widely in their effective throughput performance but 

was more consistent with their target-reaching motions in the final days of the experiment 

when controlling the adaptive, sparsely-trained (𝐴𝑆) system. Fig. 4-2c displays the 

subject’s TPe performance along the unity line, rather than across it, when using the 

non-adapting, sparsely trained system ( �̅�𝑆). S1 ends their 10-day experiment with 

throughput values similar to their initial values but had higher throughput values halfway 
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through the experiment. The fact that there was growth along the Poincaré unity line with 

little deviation represents repeatable control and understanding from the user with an 𝐴𝑆 

protocol.  

 The SD values were calculated and the ratio of SD1/SD2 for the subjects over the 

10-day experiment are shown in Fig. 4-4. A ratio lower than 1 signifies that the user 

learned over the 10 days more than any uncertainty experienced in their control per day. 

The SD ratio values in Fig. 4-4 are within the range of values associated with chaotic 

systems, as seen in Table 3-4, and infer that the system’s throughput performance is 

chaotic. Accordingly, the protocols involving an adaptive system, whereby the user can 

be confused by the changing control scheme, shows higher SD ratio values than the non-

adapting protocols. S3’s SD ratio while using the  𝐴𝑆̅̅̅̅  protocol is much lower than their 

use of the other three, representing lower randomness in their TPe performance during 

this protocol. S1’s SD ratio is lower than their counterpart’s, meaning that the novice user 

was able to learn more over the 10-day experiment and perform more precise target-

reaching movements at each session when the algorithm was static.  
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Figure 4-4: SD ratio values taken from the Fitts' Law average TPe Poincaré maps 

4.1.4 Brief Summary 

Comparing time series data to Poincaré maps of the case studies’ Fitts’ Law 

Average TPe metric resulted in the following findings: 

• TPe performance was better for all subjects when the machine was 

non-adapting. 

• SD1 (short-term variability) was high when S1 used the adapting protocols, 

and their SD ratio was accordingly high. 

• S1’s SD ratio was lower than that of S2 and S3, showing that there was 

greater long-term variability in their performance, indicative of greater 

learning and adaptation over the 10-day experiment. 

• Poincaré maps remained within a bounded radius; SD values matched that 

of a chaotic system.  
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• These findings came from the Poincaré maps as the time series plots did 

not provide useful information about the co-adaptive system. 

4.2 Repeatability Index (RI) 

Repeatability Index can be used to monitor the robustness of a pattern recognition 

model to changes in EMG. The higher the RI, the better a user can reproduce EMG 

patterns across sets. 

4.2.1 Time Series Analysis 

A time series plot of the RI values taken from the Feedback-Enabled and Testing 

stages over the 10 days, organized by protocol combination, is displayed in Fig. 4-5. S1’s 

time series RI plot shows various amounts of improvement in RI over the 10 days using 

all four combinations, as shown by the positive slope on the best-fit line. S3’s decreasing 

trend in RI values in opposing protocols (𝐴𝑆̅ in Fig. 4-5b and �̅�𝑆 in Fig. 4-5c) was 

unexpected. Within the days, a decaying effect can be seen while subjects performed the 

adapting sessions, representing worsening repeatability as the user and machine tried to 

learn together. The time series of RI values show no difference in performance dependant 

on adaptation or training-data quantity for S1 and S3. 
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Figure 4-5: Time series plot of RI for all 3 subjects. Dotted lines represent the line of best fit. 

4.2.2 Poincaré Mapping 

The Poincaré maps of RI values in the Feedback-Enabled and Testing stages were 

plotted to observe the trend over the 10 days and to compare the information to that 

provided by the time series plot in Fig. 4-5. A steady improvement in S1’s repeatability 

during the use of the 𝐴𝑆̅̅̅̅  protocol can be noted in Fig. 4-6a over the 10 days. There is very 

little variability across the unity line, suggesting consistent control, and each day’s 

repeatability values are better than the previous (excepting Day 8), suggesting an 

improved understanding of control. S1’s improved repeatability is also visible in Fig. 4-

6c, albeit to a lesser extent, during their use of the non-adapting, sparsely trained protocol 

(�̅�𝑆). However, their control changes when the system adapts. Fig. 4-6b and 4-6d show 

that the user begins each day’s session further from the unity line but then converges 

towards it, representing unsure EMG control at the beginning of the sets but stabilizing 
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before the session is over. When the user operates with the adapting algorithm, their RI 

values at the end of the 10 sessions are not as high as when the system is non-adapting. 

Additionally, S1’s ability to be repeatable at the end of the 10 days is similar to their ability 

at the beginning of the experiment, following a bipolar trend between low and high 

performance. This movement seemingly negates any learning improvement made 

throughout the 10 days and requires further research to know whether this is common 

behaviour in co-adaptive HMIs. 

 

Figure 4-6: Poincaré plot of S1's RI values across the 10 days 

S3’s RI Poincaré map (Fig. 4-7) agrees with the time series plot (Fig. 4-5) in that 

the user’s RI values decreased as the number of sessions increased when the user 

performed the 𝐴𝑆̅ (Fig. 4-7b) and �̅�𝑆 (Fig. 4-7c) protocol combinations. However, with 
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the Poincaré map in Fig. 4-7, we can more specifically describe the user’s decrease in 

repeatability. For example, in Fig. 4-7c, when the algorithm is non-adapting, the user’s 

daily RI values are distinct from each other, whereas when the user used the adapting 

algorithm (Fig. 4-7b), the RI values are muddled and the ranges are widespread and 

overlapping. This phenomenon, also seen when comparing Fig. 4-7a and 4-7d, implies 

that S3 adapts more quickly as the algorithm adapts than when it is static. While the final 

values for the user’s RI are lower when the algorithm is adapting than static, the 

knowledge that the user is exploring and learning is constructive to the design of future 

co-adaptive EMG controlled tasks, as this knowledge can be used to control the 

co-adaptive system more advantageously. 

 

Figure 4-7: Poincaré map of S3's RI values across the 10 days 
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4.2.3 Learning Analysis 

Through the Poincaré plots, we can contrast each user’s RI values over the 10 days, 

and visually ascertain possible learning effects. S1, the least experienced with EMG 

control, improves more markedly than the other subjects, particularly when there is no 

algorithm adaptation. On the other hand, while S3 does not deliver higher RI values for 

the experiment, their wide range in RI values along the unity line suggest that learning is 

occurring, but the user is uncertain of their control and they are not improving. S3’s RI 

values “bounce” along the unity line, fluctuating between high and low values over the 10 

days. This behaviour seems random but resembles the behaviour of a typical bipolar 

Poincaré system, as demonstrated in Table 3-3, exemplifying the chaotic nature of a 

co-adaptive EMG system.   

The analysis of the user’s data through the RI metric can be accomplished visually 

or quantitively from the Poincaré map. All three subjects’ individual days displayed 

behaviour comparable to that of a stable Poincaré map, shown in Table 3-3 wherein the 

RI values converged towards the unity line. In cases where there was algorithm adaptation, 

the user’s initial RI values were further away from the unity line. As such, convergence 

only occurred after most of the sets in the Feedback-Enabled and Testing stages were 

completed (such as in Fig. 4-6d and Fig. 4-7b, 4-7d), rather than an immediate 

convergence when there was no adaptation in the algorithm, as seen in Fig. 4-6c and 4-

7a. The number of sets required for the user to converge to a stable point depended on the 

algorithm adaptation. 

From the SD ratios calculated (Fig. 4-8), we observe a difference based on 

algorithm adaptation: low ratios with non-adapting algorithms and high ratios with 
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adapting algorithms. Without the added uncertainty of an adapting algorithm, users were 

able to control their contractions throughout the experiment and improve on their 

repeatability as days increased. Note that the values of the RI SD ratios are much lower 

than those of the Fitts’ Law average TPe in Fig. 4-4, suggesting very low variance and 

sufficient improvement when measuring the repeatability of the users’ actions rather than 

their throughput. These low values can be compared to the low SD ratio value calculated 

from the typical, stable Poincaré plot in our simulated equations in Table 3-4. 

 

Figure 4-8: SD ratio calculated from the Poincaré map of the RI values of three subjects across the 

10 days 

4.2.4 Brief Summary 

The RI values plotted and compared through time series and Poincaré maps 

resulted in the following findings: 

• Time series plots show general improvement among subjects. 

• Non-adaptive protocols showed better repeatability. 
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• Poincaré maps also show user improvement but explain the co-adaptive system 

behaviour during the improvement. Particularly, a bipolar dynamic was observed 

across S3’s 10-day data. 

• Convergence towards the unity line within a day’s session was observed through 

the Poincaré map and SD values. 

4.3 User-Target Position R2 

The coefficient of determination (R2) between the user’s cursor position and the 

target position was calculated for each of the 20 targets in a set, then averaged for each set 

in the Feedback-Enabled and Testing stages. A value closer to 1 means that the user can 

precisely control their EMG contractions to position the cursor on the target. The next 

sections describe the R2 results as time series plots and Poincaré maps, then compare the 

observed learning effects for each. 

4.3.1 Time Series Analysis 

The time series plots of the user-target position R2 are shown in Fig. 4-9 and Fig. 

4-10 for the regression models trained for DOF 1 and DOF 2, respectively. Except for 

S1’s low performance at the start of the experiment and on Day 8, we notice that the three 

subjects were able to maintain higher R2 values in both DOF 1 and DOF 2 when using the 

non-adapting algorithm. When the subjects used the adaptive protocols, the correlation 

between their cursor position and target position varied widely, they were unable to 

respond appropriately to the adaptations in both DOF 1 (Fig. 4-9) and DOF 2 (Fig. 4-10). 

The line of best fit for these protocols denotes a positive change in R2 over the 10 days 
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but, even with the improvement, the end values of R2 were not as great as when there was 

no algorithm adaptation.  

 

Figure 4-9: Time series maps of user-target position R2 of DOF 1 over the 10 days. Dotted lines 

represent the line of best fit. 
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Figure 4-10: Time series plot of user-target position R2 of DOF 2 over the 10 days. Dotted lines 

represent the line of best fit. 

4.3.2 Poincaré Mapping 

The Poincaré map of the user-target position R2 was plotted to observe any chaotic 

behaviour in the performance throughout the various protocol versions. Fig. 4-11 shows 

the Poincaré plot of the user-target correlations for S1 and S3 when they performed the 𝐴𝑆̅̅̅̅  

protocol. Fig. 4-11a and 4-11c show that S1’s performance increased as the days went on. 

Except for Day 8, S1 was able to improve while using the non-adapting, non-sparsely 

trained system (𝐴𝑆̅̅̅̅ ) to better relate the cursor to the target. On the other hand, Fig. 4-11b 

and 4-11d show that S3, the most experienced subject tested, did not undergo such a 

drastic change in performance over the 10 days. S3 was able to maintain strong 

performance with little changes over the 10 days. 
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Figure 4-11: Poincaré plot comparing S1 and S3 user-target position R2 for  ( 𝑨𝑺̅̅ ̅̅ ) sessions 

Conversely, when the adapting algorithm was used (𝐴𝑆̅), similar variations were 

found in user-target position R2 values between the novice (Fig. 4-12a) and the 

experienced subject (Fig. 4-12b). In Fig. 4-7d, S3’s performance at the end of the 10-day 

experiment is lower than their performance at the start of the experiment. Additionally, 

S3’s Poincaré map is more variable across the unity line at the end of the experiment, 

signifying uncertainty in their actions after days’ worth of training. S1 begins their 10-day 

experiment with similar uncertainty, but their variability lessens as time increases. We can 

observe an improvement in R2 values in the subjects’ DOF 2 performance (Fig. 4-12c and 

4-12d), but there is as much uncertainty in both subjects, as seen by the widely varying R2 

values, regardless of skill level or length of time acquainted with the experiment.  
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Figure 4-12: Comparing S1 and 3's user-target R2 performance using the 𝑨�̅� protocol 

Through the Poincaré map of the user-target position R2 metric, we can also 

observe changes in the subjects when the algorithm trained on a sparse dataset or a full 

dataset. Recall that the user was never aware when the algorithm changed its training 

method, as they performed the same actions to reach the same target distances throughout 

the experiment. In Fig. 4-13, the R2 values for S1 and S3 are shown when using the 

non-adapting, sparsely trained algorithm ( �̅�𝑆). We observe that both users performed 

better at the end of the 10-day experiment in both DOF control. We also note that S3’s R2 

values are more compact around the unity line than S1’s horizontally-varying values, 

representing more precise control in S3’s actions. S3’s DOF 1 actions are particularly 

interesting, as they begin the 10-day experiment with reasonably good R2 values (between 

0.6 and 0.8), then perform quite badly halfway throughout the experiment (range of 0.1 to 

0.6), but return to their original performance level in the final days of the experiment. This 
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behaviour resembles that of the bipolar Poincaré map in Table 3-3, shifting between 

regions of good performance and bad performance along the unity line. Knowing whether 

a co-adaptive system behaves in this way can lead to future studies that consider this 

period of poor performance to design more robust systems. 

 

Figure 4-13: Poincaré map of S1 and S3's user-target R2 while performing the �̅�𝑺 protocol 

4.3.3 Learning Analysis 

The time series plots of the user-target position R2 show S1’s learning progress as 

they performed the non-adaptive, non-sparsely trained dataset (𝐴𝑆̅̅̅̅ ) over the 10 days (Fig. 

4-9a, Fig. 4-10a). The sharp improvement in their R2 values over the 10 days suggests that 

they were able to learn from the feedback of their actions. S1 was still able to learn when 

the system was adapting, as seen by the time series plot Fig. 4-9d, but the amount of 
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improvement during the 10 days was lower than when they used the non-adapting 

protocols.  

The Poincaré map of the R2 values highlights the presence of a learning effect by 

comparing the difference in performance between S1 and S3 when the algorithm was 

adapting and non-adapting. Specifically, the novice user improved when they adapted and 

learned from the static machine, but the user who already had experience showed less 

improvement. When the algorithm adapted with the user, no matter the experience level, 

the users struggled to adapt correspondingly, leading to poor performance. This 

observation stems from Fig. 4-11, which compares the subjects’ performances during 

the 𝐴𝑆̅̅̅̅  sessions, and Fig. 4-12, which compares the subjects’ performance during the  𝐴𝑆̅ 

protocol sessions. Therefore, in such an aggressively adapting HMI, even a high degree 

of experience with EMG control may not be sufficient to overcome the degree of learning 

required by the subject. 

The SD ratio values shown in Fig. 4-14 emphasize the effect that an adapting 

algorithm has on the variability of a co-adaptive system. Low SD ratios were calculated 

from sessions using a static algorithm whereas high SD ratios were calculated from 

sessions using adapting algorithms. The higher SD ratio values suggest high disorder 

during the sessions or little learning throughout the 10 days. 
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Figure 4-14: SD ratio values calculated from the user-target R2 for DOF 1 Poincaré map across the 

10 days 

Interestingly, Fig. 4-14 does not confirm the effect, or lack thereof, of myoelectric 

control experience on the behaviour of a co-adaptive system, as seen by the Poincaré maps 

in Fig. 4-11 to 4-13. A closer look at the SD2 values was therefore taken, as seen in Fig. 

4-15. The learning effect was much stronger in S1 than S3 when using the non-adaptive, 

non-sparsely trained system ( 𝐴𝑆̅̅̅̅ ) but was similar when the experiment used the adaptive, 

non-sparsely trained system (𝐴𝑆̅). The presence of this learning effect in the 𝐴𝑆̅̅̅̅  SD2 

values, combined with the lack of learning effect in the 𝐴𝑆̅̅̅̅  SD ratios (Fig. 4-13), tells us 

that there was high uncertainty in the novice user’s actions as compared to the amount of 

learning they underwent over the 10 days. Conversely, the experienced user did not 

portray this same variability. This distinction between user experience, algorithm 

adaptation, and variability in daily use is notable and should be considered when training 

co-adaptive systems. 
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Figure 4-15: SD2 values calculated from the Poincaré maps of user-target position R2 across the 10 

days 

4.3.4 Brief Summary  

Comparing the time series plot to the Poincaré plot of the User-Target Position R2 

resulted in the following findings: 

• Higher performance values were achieved during non-adapting protocols than 

adapting protocols, as evidenced by both the time series plots and Poincaré plots. 

• The Poincaré plots of this metric, in particular, showed that user experience has an 

effect on learning, with lower experience leading to greater adaptation. 

• The higher short-term variability (SD1) results suggest uncertainty between user 

and machine when both inexperience (S1) and the use of adapting protocols 

(regardless of experience) were a factor in the co-adaptive system. The novice user 

was able to decrease this uncertainty with the non-adapting protocol, but little 

change was seen for either user when using the adapting protocol. 
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4.4 Summary of Results 

All metrics tested in this work showed how Poincaré maps and their descriptor 

values can provide additional information than time series plots alone. The additional 

knowledge pertained to the dynamics of the co-adaptive system during and across 10 days 

of training and testing. Stable, bipolar, and chaotic dynamics were observed through the 

Poincaré plots both visually and quantitatively through the SD values calculated. There 

was higher short-term variability, representing uncertainty, in the system when users used 

the adapting protocols. In the RI and R2 metric, the long-term variability was high when 

a novice user performed with the non-adapting algorithm, signifying user adaptation over 

time. Comparatively, the level of previous myoelectric experience did not influence the 

amount of adaptation and performance precision when the fully adapting algorithm was 

used, as observed using the User-Target Position R2 metric. These results demonstrate the 

power of the Poincaré maps in interpreting the behaviour of co-adaptive systems and 

extracting insights related experience, user learning, and machine adaptation. 
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5.  Discussion 

This work leveraged a control technique to explore the dynamics of co-adaptive 

myoelectric control systems and how they change over time. Experimental parameters 

were varied to simulate and evaluate factors that affect HMI performance in the field and 

the effect that machine adaptation has on the user. By using Poincaré maps, the effects of 

user learning over 10 days and the dynamics produced by randomness of variation in the 

control system were identified. The learning effects depend on mutual adaptation between 

the user and machine states, causing the relatively high order and nonlinearity of the 

system. The observed variations in performance show that the co-adaptive system may 

shift between stable and unstable equilibrium points. This knowledge suggests that 

co-adaptive myoelectric control systems are indeed chaotic.  

Learning, especially during the training of a myoelectric device, is important because 

skills learned during training can be transferred to regular use [106] and proper training 

leads to higher acceptance rates of myoelectric prostheses [107]. In this work, Poincaré 

maps described learning effects over several days by summarizing relatively large 

amounts of data into clear graphs, and enabling the quantification of resultant standard 

deviation values. A strong learning effect was noted over the 10 days when the algorithm 

was non-adapting and the full dataset was used for training. This suggests that subjects, 

especially novice users, were able to adapt to the static, well-informed model over time. 

When the machine adapted concurrently with the user, however, subjects lost the ability 

to learn and improve over time. In this case, regardless of level of experience, subjects 

remained uncertain in their control during both 𝐴𝑆 and 𝐴𝑆 ̅sessions. This is a noteworthy 

observation since S3 used their experience with EMG control to demonstrate repeatable, 
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separable, and precise control when the system followed a typical model (𝐴𝑆̅̅̅̅ ). The use of 

Poincaré plots to visualize and assess the chosen metrics effectively highlighted the impact 

of the adapting system on the users’ understanding of the system and of their learning on 

the performance of the system. 

Time series-based visualizations can expose if motor performance becomes more 

consistent with time [67], but do not directly relate to the internal dynamics of the 

human-machine system or explain the reasons behind it [1]. As an example, the RI time 

series in Fig. 4-5 indicated consistent user improvement, and while the corresponding 

Poincaré maps in Fig. 4-6 and 4-7 also related improved performance, they also exposed 

the uncertainty introduced when the system adapted, and the bipolar dynamics of the 

co-adaptive system over the 10 days. The high number of sets required to converge and 

stabilize the user’s RI values when the algorithm was adapting suggests that the user began 

with a poor internal model but improved as the number of sets increased and the user 

gained a better understanding of the HMI. The bipolar dynamics observed over the 

duration of the experiment suggest an interesting interaction between the user and machine 

and warrants further investigation into the prevalence, frequency, and duration of this 

behaviour. The internal dynamics of these co-adaptive systems clearly influence their 

practical usage and an ability to better elucidate and understand these dynamics may hold 

the key to stabilizing the control of co-adaptive systems. 

The novel application of Poincaré maps in myoelectric studies is a simple and easy 

way to investigate the trends and effects of co-adaptation. Learning effects, particularly in 

relation to machine learning (𝐴/�̅�) and changes in the training environment (𝑆/𝑆̅), were 

observable when using the Poincaré maps. A clear improvement of performance was 
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visible in users when there was no adaptation, but confusion and a loss of learning were 

apparent when the model was adaptive. Additional information about the effect of 

adaptation on performance was noted from the Poincaré maps, such as the stable and 

bipolar dynamics observed in the RI values dependant on protocol variations, the spiral 

dynamics of the SI values (Appendix, 7.1), and the radially-bounded randomness of the 

Regression Monitoring Metric (Appendix, 7.2). These observations advocate that 

co-adaptive systems are stochastic and chaotic and the stability of the system depends on 

user states relative to the system’s equilibrium points. Analysing the chaos in these 

systems using Poincaré maps provides a new appreciation of these behaviours and may 

inform why pattern recognition-based myoelectric control systems sometimes seem to 

simply stop working well.  

The development of robust myoelectric systems that can maintain good performance 

over time has been the focus of research for years. This work supports that this may be 

related to chaotic nature of these systems and thus a control perspective is warranted. 

Ideally, the dual-learner system should be modelled with differential equations for use 

with control techniques to create stable systems, such as those performed by Zhang and 

Chase [74], [108]. Even with a model, metrics that analyse the system’s stability are 

required, which was the focus of this work. Using Poincaré maps, we were able to identify 

that fully adapting algorithms and/or non-adapting algorithms with insufficient training 

may result in unstable systems. Applying the same controls technique presented in this 

work and expanding it to other metrics, such as classification accuracy, may provide 

valuable insight into the dynamics of dual-learner systems. 
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Moving forward in this field, the stochastic, chaotic elements in co-adaptive HMIs 

should be analysed and taken into consideration when designing myoelectric control 

systems. This work showed how Poincaré maps, our chosen method of analysing chaos, 

can be used to visualize user learning in the presence or absence of algorithm adaptation. 

With this tool, we discerned that the system is less stable if the human and machine are 

trained on different datasets (𝑆 vs 𝑆̅), suggesting the merit in maintaining constant or 

slowly changing parameters in the training stage of myoelectric prostheses. Nonlinear 

stochastic systems, particularly chaotic co-adaptive myoelectric control schemes, contain 

important information but require appropriate techniques to properly appreciate their 

dynamics as the human and machine adapt together. 

The Curious Case of Day 8 

Chapter 4 alluded that the results from S1’s Day 8  𝐴𝑆̅̅̅̅  did not follow the observed 

trends of the other collected datasets. The definitive reason behind this is unknown, but it 

must be noted that the use of Poincaré maps highlighted that day’s performance as 

abnormal. The Poincaré map’s trend and meaning over the 10 days are so well-defined 

that it is easily noticeable when an oddity is present, such as in Fig. 4-2, 4-6, 4-10, and 4-

11. Such outlier detection could be useful to ensure quality control in future research and 

clinical applications. 

5.2 Contributions 

The key contributions from this work include: 
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1. The exploration of the dynamics, and the identification of chaotic behaviours, 

in a co-adaptive HMI. 

2. The introduction of Poincaré maps as a viable and informative tool for 

summarizing and analysing system dynamics and user behaviours over time. 

3. The evaluation of user learning over a 10-day (40 session) study and the 

impact of adaption, user experience, and training sparsity on internal model 

formation.  

5.3 Limitations and Future Work 

This work achieved its objective of analysing HMI co-adaptive system dynamics 

using Poincaré maps, but a few limitations should be noted. There was a low number of 

subjects in this experiment, due in part to the restrictions associated with the COVID-19 

pandemic. The subjects varied in experience with myoelectric control and age, but all 

subjects were female with similar backgrounds, so the possible user population was not 

accurately represented. Additionally, one of the three subjects was the author of this work 

and knew it's aims and experimental protocols. Unconscious biases while experimenting 

were therefore a possibility. This work, therefore, refrains from making large 

generalizations about the results, focusing instead on the importance of considering the 

dynamics of co-adaptive human-machine interfaces from a control perspective. 

Another limitation in this work stems from the use of ‘all or none’ adaptation. 

Adaptation and its effects on system behaviour were analysed, but only the no adaptation 

or full adaptation cases were explored in the experiments. In adaptive algorithm research 

and practical applications, full adaptation is rarely used, so future works should evaluate 



 

65 

 

various levels of adaptation to better explain existing models. Poincaré maps could then 

be used to describe the dynamics when the adaptation rate is between 0% and 100% and 

identify the best rates. As this work set out to explore the presence of chaos in co-adaptive 

systems, it was beneficial to begin with the extremes to emphasize trends. Nevertheless, 

we hope that this work can lead to finding an adaptive rate that allows humans and 

machines to learn concurrently in a stable manner. 

This work can be used to inform future myoelectric control experiments, to analyse 

existing models, and to design better ones using control techniques. For example, inertial 

measurement unit (IMU) sensors can be included in the co-adaptive system to observe the 

change in the user’s wrist or arm actions as they control a cursor on the screen. Poincaré 

maps could then be used to compare the user’s cursor data and their IMU data and analyse 

whether performance stability is different as a result of changing internal models. 

Research that compares the performance of different classifiers, which sometimes plateau 

over time [109], may benefit from this work to further understand the reason behind this 

convergence in the system.  
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6.  Conclusion 

The goal of this study was to describe the chaotic behaviour of co-adaptive 

myoelectric human-machine interfaces. This was achieved using Poincaré maps, a control 

theory-based technique used to visualize the dynamics of the system’s performance. A 

10-day experiment was designed and implemented to assess user performance while using 

a co-adaptive myoelectric system. Two variables in the machine algorithm- machine 

adaptation and amount of training data- were varied to elucidate the chaotic behaviour 

observed in the literature. Five performance metrics were then plotted as time series and 

Poincaré maps to enable analysis of the dynamics of over the 10 days. Chaotic behaviours, 

such as seemingly random variations in system performance, were observable using the 

proposed Poincaré maps. A learning element was apparent within certain experimental 

parameters but not with others, indicating the effect that improperly designed 

co-adaptation may have on the development of internal models and user performance with 

their myoelectric device. Elucidating the chaotic elements in the dynamics of co-adaptive 

human-machine myoelectric systems leads to a stronger understanding of these systems 

and the potential development of more robust designs. 
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Appendix: Supplementary Results 

The following results confirm the findings from Chapter 4. 

7.1 Separability Index (SI) 

The user’s ability to separate classes of motion in EMG control can be used as a 

measure of the robustness of the pattern recognition scheme. 

7.1.1 Time Series Analysis 

The time series plot with the best-fit line of the subjects’ SI over the 10 days using 

four protocol combinations is shown in Fig. 7-1. An improvement in all three subjects’ SI 

is seen in Fig. 7-1a and 7-1c when the participants performed with the non-adapting 

protocols. A steeper positive slope can be noted on the subjects’ best-fit lines when the 

protocol called for a sparsely trained algorithm (�̅�𝑆), indicating more attainable 

separability in their motions when the system trained with fewer target-distance data. We 

can generally note the increase in oscillations in SI values when the adapting algorithm is 

used, representing a lack of separability in the users’ actions.  
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Figure 6-1: Time Series plot of three subjects' SI values, 10 days, 4 protocol combinations. Dotted 

lines represent line of best fit. 

7.1.2 Poincaré Mapping 

The observed results from the Poincaré map of S1’s SI values (Fig. 7-2) 

corroborate the results observed from the time series plot (Fig. 7-1). There is more 

variability in the SI values when the subject uses the adapting algorithm (Fig. 7-2b, 7-2d) 

than the non-adapting algorithm (Fig. 7-2a, c). However, additional to this observation, 

we can pinpoint that there was greater variation in S1’s SI values when the algorithm 

trained on the full data-set (Fig. 7-2a) than the sparsely trained dataset (Fig. 7-2c). This 

variation is mainly apparent at the beginning of the  𝐴𝑆̅̅̅̅  sessions but the amount of 

variability reduces as the number of days increase, leading to S1’s highest SI values on 

their last day.  
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Figure 6-2: Poincaré of S1's SI values, 10 days, 4 protocol combinations 

Similarly, S3 confirms the findings from the time series plot. For conciseness, only 

S3 is represented to provide a sample of a Poincaré map of SI values by an experienced 

subject in EMG control, seen in Fig. 7-3. SI values are more varied across the unity line 

when the algorithm adapts, suggesting uncertainty in the user’s control, even after 10 days. 

Conversely, when the algorithm is non-adapting, the user’s SI values are consistent and 

concentrated, seen in Fig. 4-11a. An improvement in SI values over the 10 days can be 

seen in Fig. 7-3c (𝐴𝑆̅), agreeing with the information provided in the time series plot. 
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Figure 6-3: Poincaré map of S3's SI values, 10 days, 4 protocol combinations 

7.1.3 Learning Analysis 

Through the time series and Poincaré plots, we can see an improvement in SI 

values over the 10-day experiment when the algorithm did not adapt. However, looking 

at the Poincaré clusters and applying knowledge based on their location and behaviour 

around the unity line, we can say that users attempted to learn their EMG control more 

when the algorithm was adapting to their actions after every set than when it was static. 

This inference is made from the wide range of SI values along the unity line, representing 

learning. The information provided by the Poincaré map can lead to developments in the 

training stages of co-adaptive HMIs to understand whether a longer training period is 

required to improve the user’s performance as they adapted slowly to their system.  
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Visually, the time series and Poincaré maps of the SI values show more oscillations 

when subjects used adapting protocols than non-adapting protocols. The Poincaré maps 

of the adapting algorithm protocols resemble a mixture of the simulated spiral and 

oscillatory stochastic Poincaré maps in Table 3-3. These stochastic oscillatory and spiral 

behaviours are also seen in the Poincaré maps relating SI values from non-adaptive 

protocol combinations. However, the seemingly random changes in values as they 

oscillate between each set do not appear to devalue the performance of the user’s EMG 

control, seen by the relatively high SI values.   

Empirically, the SD ratios calculated from the Poincaré graphs provide insight into 

the variability of the co-adaptive system (Fig. 7-4) as data across the protocol 

combinations and subjects are quite similar. The SD values are also indicative of a chaotic 

system, comparing these to the simulated chaotic system in Table 3-4. The adapting, 

sparsely-trained system (𝐴𝑆) has a slightly higher ratio than other protocol combinations, 

implying greater variation in separability within the daily sessions. However, the overall 

similarity in SD ratio values suggests an equal amount of learning and variation during 

the daily sessions for each subject’s SI data. This result agrees with the information 

provided by the graphs of the time series and Poincaré, in that the co-adaptive system’s 

separability progressed over time but did so chaotically.  
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Figure 6-4: SD ratio calculated from the Poincaré map of the SI values of three subjects, 10 days, 4 

protocol combinations 

7.2 Regression Monitoring  

The dynamics of the regressor were observed through time series and Poincaré 

plots of the median of the first PCA component of each set in the Feedback-Enabled and 

Testing stages. This measurement, henceforth called regression monitoring, observes the 

effects that parameter changes have on the trend and dynamics of the regressor. 

7.2.1 Time Series Analysis 

The time series of the regression monitoring metric was plotted the regression 

models in DOF 1 (Fig. 7-5) and DOF 2 (Fig. 7-6). We observe that the regressor performed 

worse as days increased during the non-adapting, sparsely trained (�̅�𝑆) protocol for both 

DOFs. Most of the regression models in the protocols in Fig. 7-5 and show a decrease in 

performance, but as these plots represent the median of a PCA coefficient, their value does 

not provide valuable insight.  
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Figure 6-5: Time series plot of three subjects' Regression Monitoring metric, DOF 1, 10 days, 4 

protocol combinations. Dotted lines represent line of best fit. 

 

Figure 6-6: Time series plot of three subjects' Regression Monitoring metric, DOF 2, 10 days, 4 

protocol combinations. Dotted lines represent line of best fit. 



 

90 

 

7.2.2 Poincaré Mapping 

Rather than focusing on the values of the Regression Monitoring metric, we can 

focus on the trend and dynamics of the regressor over the 10-day experiment by using 

Poincaré maps. Only plots comparing S1 and S3 are shown below, to compare regressor 

behaviour dependant on the users’ experience in EMG control. Fig. 7-7 compares the two 

subjects’ DOF 1 performance using the non-adapting, non-sparsely trained protocol ( 𝐴𝑆̅̅̅̅ ) 

and the adapting, non-sparsely trained protocol (𝐴𝑆̅). This comparison focuses on the 

algorithm adaptation and subject EMG control experience level. The regression 

monitoring metric in S3’s  𝐴𝑆̅̅̅̅  sessions (Fig. 7-7b) follows the unity line more tightly than 

the other subplot cases, suggesting consistency in this regression model in each session 

over the 10 days. However, even with this apparent consistency, the DOF 1 regressor in 

both subjects’  𝐴𝑆̅̅̅̅  and 𝐴𝑆̅ sessions seem to be chaotic within the confines of a bounded 

area. 
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Figure 6-7: Poincaré map comparing the regression monitoring metric from S1 and S3's DOF 1 

performance using the  𝑨𝑺̅̅ ̅̅  and 𝑨�̅� protocol, 10 days 

The regression monitoring metric from the subjects’ DOF 2 model is compared in 

Fig. 7-8 for the �̅�𝑆 and 𝐴𝑆 protocols. In these plots, the regressor trends downwards along 

the unity line as the number of days in the experiment increases. This downward motion 

is more precise when the algorithm is non-adapting and when the user has more experience 

(Fig. 7-8b). Algorithm adaptation leads to more variation across the unity line in the 

regressor’s behaviour, as seen in Fig. 7-8c and 7-8d.  
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Figure 6-8: Poincaré map comparing the regression monitoring metric of S1 and S3's DOF 2 

performance during the �̅�𝑺 and 𝑨𝑺 protocol, 10 days 

7.2.3 Learning Analysis 

The Regressor Monitoring metric focuses on the regressor’s adaptation and any 

learning effect observed through this metric would signify a regressor change. A learning 

effect is noted through Poincaré maps by the length of data along the unity line, i.e. the 

major axis. In our results, the regression monitoring metric’s range along the unity line 

was similar for all protocol combinations and subjects, signifying a lack of learning from 

the regressor. The time series plot also provided little evidence of a learning effect as most 

of the linear best-fit lines had little to no slope. The proposition that there was no learning 

is based on visual tools, and empirical evidence may be required to further investigate. 

Quantitative analysis was used to determine whether there was a learning effect 

present in the regressor, or whether variability in the chaotic system prevented any 
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improvement. The SD ratio values (Fig. 7-9) were relatively high, suggesting high 

amounts of variance across the unity line with comparable growth along the unity line. 

The short-term to long-term variability in the co-adaptive system is particularly high when 

S1 used the  𝐴𝑆̅̅̅̅  protocol.  

 

Figure 6-9: SD ratio values of the Poincaré maps of the regression monitoring metric, DOF 1, taken 

from three subjects, 10 days, 4 protocol combinations 

The dynamics of the co-adaptive system were further investigated through SD2 

values. Fig. 7-10 shows the SD2 values, representing the learning effect over 10 days, of 

the DOF 1 regression monitoring metric. The similarity between the SD2 values in Fig. 

7-10 shows that the behaviour of the co-adaptive system along the unity line did not 

depend on any of the protocol combination changes. Fig. 7-9 and 7-10 corroborate the 

finding that apparent randomness in the behaviour of the system is high in adapting 

protocols, independent of the experience of the user.  
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Figure 6-10: SD2 values of the Poincaré maps of the regression monitoring metric, DOF 1, taken 

from three subjects, 10 days, 4 protocol combinations 

7.3 Repeatability Index: S2 

S2 shows improvement when the system is non-adapting and fully trained (𝐴𝑆̅). 

When the algorithm is adapting and trained on the full dataset ( 𝐴𝑆̅̅̅̅ , Fig. 7-11a), S2’s 

ability to be repeatable decreases over time, highlighting the effect that machine 

adaptation has on the user’s EMG control. 

Fig. 7-11 shows S2’s RI values plotted on a Poincaré map over the 10 days. Recall 

that S2’s time series plot was the most informative of the three subjects. When the 

algorithm was non-adapting, in Fig. 7-11 a and c, S2’s repeatability indices fluctuated 

between high and low values along the unity line, ending the experiment with scores lower 

than achieved throughout the experiment. Particularly interesting is the wide range of RI 

values seen in Fig. 7-11b (𝐴𝑆̅), suggesting that the user was not very repeatable in their 

contractions. Yet the lack of variability across the unity line suggests that there was no 
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uncertainty in the user’s control, rather the user explored their abilities as the algorithm 

adapted over the 10 days.    

 

Figure 6-11: Poincaré map of S2's RI values, 10 days, 4 protocol combinations 
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