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Abstract

In recent years, several attempts have been made towards the control of a robotic

prosthetic-hand for lower-arm amputees. However, these attempts have often been

limited as they do not consider the entire coupled system during the development and

tuning of the control system, spanning electromyographic signal input to positional

and force output of the robotic prosthetic hand. Considering this, a robotic prosthetic-

hand model is developed encompassing a back-propagation artificial neural network

electromyographic grasp classification model, electromyographic-force regression model,

non-linear autoregressive with exogenous excitation shape memory alloy model, anthro-

pomorphic hand mechanism and weighted Mamdani fuzzy logic control system.

The performance of the control system was assessed based on the error in positional

and force tracking of the hand in achieving the various grasps and forces as interpreted

from the electromyographic signals. Overall, the error in position as well as force

evaluated to less than 6% of the setpoint, thereby demonstrating the feasibility of using

fuzzy logic in the control of a shape memory alloy actuated robotic prosthetic-hand.

The controllers’ success and legitimacy were partly due to the very effective elec-

tromyographic grasp classifier which made use of extracted Hudgin’s features to yield a

postprocessed classification rate of 100%. Additionally, the controllers’ ability to track

force hinged on the developed electromyographic-force model yielding an acceptable

MSE of 0.293N and R2 of 0.73. Though acceptable, the model yielded a less than

expected correlation due to the scattering of electromyographic data points for any

singular force recorded. Critical to the angular movement of the robotic prosthetic-hand

and consequent position tracking was the highly non-linear shape memory alloy actuator.

Characteristics such as pseudo-elasticity, shape memory effect, hysteresis, resistive heat-

ing, stress effects and convection were all found to be well captured in the closed-loop

non-linear autoregressive with exogenous excitation model, resulting in an RMSE of 0.04.

Apart from the aforementioned systems, the anthropomorphic hand itself was modelled

with linkages and end-point trajectory mimicking realistic hand movement. The overall

system was controlled by a weighted Mamdani fuzzy logic controller. The controller was

iteratively tuned and was found to effectively control the robotic prosthetic hand in

both movement and force.

The findings and the developed models may be used to develop an embedded system

for a robotic prosthetic-hand. Furthermore, the work may be extended to other fields

of engineering including smart materials research, bioinformatics, and control systems

development.

Keywords: robotic prosthetic hand, grasp classification, electromyographic-force model, shape memory

alloy and fuzzy logic control
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ġ

Meaning

Reference point

Reference point

Heat transformation constant

Stress rate

Strain rate

Rate of heat generation

xix



γ

ρ

σf

σlower

σs

σupper

Θ

ε

ξ

aA

Af

aM

As

bA

bM

c

q̈bar

q̇bar

EA

Egen

Ein

EM

Eout

Estored

f

g

h

He

KD

KP

LUn

m

Mf

Ms

q

qbar

S

T∞

Reference point

Density of the SMA wire

Detwinning Stress

Stress at which pseudo-elasticity occurs in reverse phase transformation

Twinned Stress

Stress at which pseudo-elasticity occurs in forward phase transformation

Transformation function

Infinitesimal strain tensor (Green strain)

Martensite/Martensitic fraction

Material constants

Final Austenitic Temperature

Material constants

Austenite Starting Temperature

Material constants

Material constants

Specific heat of the wire

Reference joint acceleration

Reference joint velocity

Austenitic Modulus

Internal energy generated

Energy entering the control volume

Martensitic Modulus

Energy leaving the control volume

Energy stored within the control volume

Arbitrarily chosen activation functions for the NARX model structure

Arbitrarily chosen activation functions for the NARX model structure

Mean convective coefficient for the wire

Maximum difference between reverse and forward phase transformation

Proportional gain

Derivative gain

Linguistic value, where n = 1, 2, 3, . . .

Mass of wire

Final Martensitic Forming Temperature

Martensite Starting Temperature

Heat flux

Reference joint trajectory

Surface area of the wire

Bulk fluid temperature

xx



Tw

u

X(t)

Y (t)

Y ∗(t)

Temperature of wire

Specific internal energy

Exogenous Input in a NARX neural network model structure

True Output of a nonlinear autoregressive exogenous NN model

structure

Estimated Output of the NARX NN model structure

xxi



Chapter 1

Introduction

The use of one’s hands whilst completing everyday tasks is undoubtedly invaluable;

therefore this dissertation explores the control required in developing a novel Shape-

Memory Alloy (SMA)-actuated Robotic Prosthetic Hand (RPH) with grip compensation.

To achieve this, the RPH system is broken down into its subsystems namely, Elec-

tromyographic (EMG) grasp classification, EMG-force compensation, Fuzzy-Logic (FL)

actuator control, SMA actuator modelling and the RPH model. These subsystems are

finally integrated seamlessly in both a hardware and software capacity to present a

feasible RPH solution. Novel to this dissertation is the development and refinement of

control related topics inherent to the subsystems and the complete integration thereof.

The unique SMA model compliments the developed control system.

1.1 Research Question

What is the real-time simulated performance associated with the indirect adaptive

fuzzy-logic control of a novel shape memory alloy-actuated robotic prosthetic hand with

force-based grip compensation?

1.2 Problem Statement

The control of an SMA-actuated RPHs is complex and highly non-linear as a result of

actuator hysteresis, pseudoelasticity and SMA effects. These issues are compounded with

inadequate EMG grasp classification and force-based grip compensation. This results

in overall poor performance, reliability and accessibility of SMA actuated RPHs with

grip compensation. The black-box model typically used to account for SMA actuator

dynamics fails to present a simple, predictable model which can be used in simulations

for applications containing SMA actuators. Signal contamination, feature selection and

the type of Myoelectric Control System (MCS) used are all root causes for unsatisfactory

EMG grasp classification.

Similarly, the performance of force-based grip compensation suffers as it introduces

grasp instability. Once combined with the RPH mechanism, these subsystems are cou-

pled and interact non-linearly, requiring a robust overseeing non-linear control system.

In response to these problems, this research dissertation aims to produce novel solutions

for each subsystem and the integration thereof. Investigating solutions in the form of
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Back-Propagation Artificial Neural Networks (BPANNs) for EMG grasp classification,

Artificial Neural Network (ANN) regressors for force-based grip compensation, ANN sys-

tem identification for SMA actuator modelling, Mamdani Fuzzy-Logic Control (FLC) as

an intuitive hierarchical controller and simplified kinematic RPH models (see Figure 1.1).

Figure 1.1: Control system of a smart material actuated robotic prosthetic hand with grip

compensation.

1.3 Research Background

Non-congenital amputations below the elbow are commonly attributed to severe injury

[1], typically caused by motor vehicle and work accidents. Apart from injury-related

causes, poor circulation in the form of peripheral vascular disease, and infections that

worsen over time due to diabetes, may also result in amputations [2]. The number of

lower arm amputees is notably large, leading to a lack of accessibility of prosthetics,

particularly in developing countries. Terminal prosthetic devices, common after wars,

are either of mechanical or electromechanical design, namely Bowden cable, myoelectric,

and switch control [3]. Myoelectric prosthetics are preferred as they offer better dexterity,

reliability and function. RPHs like the BeBionics, I-Limb, Michealangelo and Otto Block

exist, but not without several drawbacks. Aside from adversities associated with cost,

which is addressed in the Touch Hand 3 [4], complexities in the non-linear behaviour of

RPHs make it challenging to control. One such subsystem control-related issue is the

identification of intended grasps through the acquisition of EMG signals from the forearm.

Noting that electromyography is the process of acquiring signals related to the

activity of motor units (MUs) using electrodes, it is easy to see that the technique may

be subject to noise and variations due to physiology. This makes the identification of

signal and grasp pairs complex and unintuitive, often requiring pre-processing in the

form of high-order filters and spectral analysis [5]. Muscle density, body-fat percentage

and fatigue are all physiological variations resulting in differences in EMG amplitudes

strengthening the need for Maximum Volumetric Contraction (MVC) normalisation.

To analyse EMG signals effectively, it is crucial to select the right features to extract,

whether it be time-based or frequency-based. Some standard features used in grasp

classification include Root Mean Square (RMS), Mean Absolute Value (MAV), Mean

Absolute Value Slope (MAVS), Slope Sign Change (SSC), Waveform Length (WL),

Zero Crossing (ZC), Fast Fourier Transforms (FFT) and entropy [6, 7]. Similarly,

ANNs [8], State Vector Machines (SVMs) [9, 10, 11], Discriminant Analyses (DAs)

[12], Fuzzy-Inference Systems (FISs) [13] and Adaptive Neuro-Fuzzy Inference Systems

(ANFISs) [14] are typically used in the classification of EMG signals. Literature suggests

that ANN-based classifiers with time-based features show the most promise. Another

control-related matter is grip compensation within RPHs.
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EMG-based grip force compensation originated through the development of hybrid

position/force control of manipulators in the 1970’s. It involves the use of pressure-

sensitive sensors to provide feedback in a closed-loop control system for force-based

adjustments dependent on the intended EMG intensity. The relationship between these

two parameters, namely force and EMG intensity is proportionally viewed as linear,

however opposing views in literature does not validate or disprove this, as considerable

data variability exists. Popular regression models frequently used in similar applications

include spline interpolation, ANNs, SVMs, Decision Trees (DTs) and Gaussian Process

Regression (GPR) [15]. For regressor models to adequately generalise, the boundary

environment needs to be carefully selected. Additionally, the single most significant

cause for concern with data validity is EMG sensor placement on the target muscle, as

its position has a dramatic effect on the acquired EMG signal intensity [15]. Simulating

the function of muscles, RPH actuation is responsible mainly for the dexterity, grip force

and the movement of RPHs.

First conceptualised in 1919 in a book titled ”Ersatzglieder und Arbeitshilfen” (Replace-

ment links and work aids: For war disabled and those injured in accidents); externally

powered prosthetic devices gained massive traction. Currently, the most used form of

actuation in RPHs are servos and DC motors. Being housed primarily in the socket

for most actuators, this form of actuation can achieve human-like grip forces when

aided with a gear mechanism. Servo and DC motor actuation are however bulky, power-

density deficient and inadequate for situations where a socket is not available. Smart

material and SMA actuators provide an alternative solution. SMA actuators initially

employed in the aeronautical industry, made use of the thermo-mechanical behaviour of

materials such as Nitinol (Nickel-Titanium alloy) to produce a displacement for a given

activation temperature. These actuators produce muscle-like movement, but like most

thermo-based systems suffer from hysteresis nonlinearities. Predicting the displacement

of the actuator is, therefore, complex. SMA actuator system identification models exist

but for the most part, only consider the open-loop representation or rely on complex

material property descriptions [15], which offer no use during simple closed-loop imple-

mentation, simulation and generalisation. Despite these complexities, SMA actuators

are power-dense, therefore take up much less space compared to servos and DC motors.

Common SMA actuator system identification methods include, FL-based Takagi-Suegeno

[16], ANN, state-space [15], Non-linear Autoregressive Exogenous (NARX) [17] and

Hammerstein-Weiner [18].

Bearing in mind the mentioned subsystems of RPHs, it is needless to say that an intelli-

gent control system is required to manage the interactions. Hard computing controllers

such as Proportional Integral Derivative (PID), although being shown as adequate in

individual subsystems [19], do not promote constructive and intuitive supervisor tuning

needed for highly non-linear systems. This is where intelligent, soft computing controllers

such as Neural Networks (NNs) and FIS excel, all while maintaining or improving on

the performance achieved by PID controllers [20]. FIS developed by Lotfi Zadeh is a

powerful control technique that aims to construct a fuzzy control surface bounded by

real-world limitations by exploiting vague system principles.
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1.4 Research Motivation

The need to study and advance research regarding life-changing devices like RPHs is

self-evident when considering the impact it can make in the everyday lives of lower-arm

amputees. The number of lower-arm amputees increases annually, resulting in the

demand for prosthetics, particularly of the robotic variety, to proportionally increase,

often placing a strain on production. Additionally, RPHs are tailor-made, with trained

control systems unique to each amputee, making lead-times excessively cumbersome.

Effort towards mastering anthropomorphic-shaped RPHs, not only opens the door to

advancements in prosthetic devices but humanoid robots that can work in industry.

Looking at the control and design of RPHs, properties like dexterity (number of the

degrees-of-freedom (DoFs)), grip strength, actuation time, audible noise, weight, energy-

density and end-point tracking are all functional specifications. From literature, these

specifications are never effectively achieved in balance with one another, which tends to

result in an RPH with good performance in specific criteria whilst performing poorly in

other criteria.. This issue stems primarily from focusing only on individual subsystems

that constitute an RPH and the control thereof and not the system as a whole. One

such example is designing an RPH without considering control-related inputs. It is not

enough to bound the control of an RPH to actuator control, but instead, it is necessary

to broaden the scope to include EMG control, force control and overall mechanism control.

On the topic of EMG classification, there are numerous improvements and variations

that may constitute a better performance. The task of grasp classification is unique to

the type of grasps being investigated and as such RPHs with different grasp capabilities

require different classification models. Thus, for a novel RPH, such as the one described

in this dissertation, a unique classifier is required. The classifier will build on existing

knowledge and further the understanding of EMG grasp classification, mainly related to

the chosen pre-processing and processing techniques used. Closely linked to this is the

need for a solution to the lack of force-based compensation in RPHs.

EMG force-grip compensation needs to be investigated because the benefits are vast.

This includes enabling anthropomorphic RPHs with the ability to be delicate at the

same time reliable, to be adaptive and allow more significant user interaction. RPHs

currently available allow the user to set the grip strength, however, does not proactively

adapt the grip strength dependent on the users’ intention. To reduce the rejection rate

of RPHs, it is thus necessary to embody these inanimate objects with human-like force

responsive characteristics. Mimicking how a hand grips an object and has a smooth

and fluidic motion, advancements in RPHs need to be geared towards achieving this.

Proposals to use SMAs to achieve better RPH motion, reduce audible noise, increase

power-density and maintain grip strength is shown to be successful.

SMAs do possess complexities that are still mostly unexplored with regards to applica-

tions involving RPHs. Therefore to advance RPH technology as a whole and potentially

use it in the manufacturing of RPHs, strides need to be taken to achieve better SMA

performance through control. This includes taking a look at the type of controllers for

SMAs, the SMA model (which remains scarce in literature) and the interaction SMAs

have in terms of position and force within an RPH mechanism. In terms of controlling

SMA actuators, it is hypothesised that FLC will make the task of controlling and tuning
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the control system more manageable and more intuitive. To investigate the performance

of SMAs in RPH applications, it is necessary to have an accurate plant model and the

dynamics associated with it.

Existing kinematic RPH models reduce the complexities of a human hand to a sum

of joints and links, being mathematically rigorous when introducing external forces.

These types of models are crude but crucial as the development of a feasible control

system is dependent on accurate system dynamics. Moreover, complex and better RPH

models depending on vision tracking and magnetic resonance imaging exist but is not

an appealing solution when considering simulation implementation. Therefore simple,

accurate, and simulation-suited RPH models needs to be investigated for realistic RPH

performance and control.

1.5 Research Objectives

The following chronological list of research objectives is in line with the identified

subsystems detailed in sections 3 through 7. These objectives promote the control of a

suitable RPH solution.

• Investigate, design and optimise a suitable grasp classifier for identifying and

interpreting common everyday grasps.

• Assess and minimise the grasp classification error and benchmark it with similar

published classifiers.

• Present a preliminarily design and prototype for a feasible alternative to available

Surface Electromyographic (sEMG) systems.

• Investigate and present a regressor-based model, describing the relationship be-

tween upper-arm EMG intensity and force.

• Evaluate the performance and minimise the EMG-force regressor model error

through validation and tuning.

• The system identifies and presents a cost-minimal model that represents the non-

linear contraction/expansion thermal related properties found in SMA actuators.

• Present a simple and accurate RPH kinematic model that can be used in conjunc-

tion with SMA actuators to achieve interpreted grasps.

• Explore and validate the use of adaptive FLC of SMA actuators in an RPH model.

• Evaluate the FLC performance and minimise the FLC trajectory tracking error of

the RPH mechanism end-points.
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1.6 Dissertation Outline

The aim of providing a complete solution to the control-related issues inherent in an

SMA-actuated RPH with grip compensation, can only be achieved by breaking down

an RPH system and its control into constituent subsystems. Following the literature

review, ethics and design development, the subsystems, namely EMG grasp recognition

(GR), EMG-force model, SMA actuator model, RPH model and FLC system, compose

the body and crux of this dissertation. Each of these sections focuses on individual

studies, with corresponding apparatus, approach, methodology, results and discussion.

These subsystems are integrated and the overall system performance evaluated in the

latter part of Chapter 8. Moreover, the introductory section, subsystem sections and

concluding section are composed as shown below:

• Chapter 1 starts by introducing the problem this dissertation intends on investi-

gating and solving. Some background information follows, laying the foundation

for motivation and objectives.

• Chapter 2, takes a look at literature, equations and past attempts as it relates to

the ideas disseminated in this dissertation.

• Chapter 3 explores the ethical methodology and scope associated with human

EMG and force testing and examines RPH design related specifications, constraints

and criteria. A model overview concludes this chapter, setting the blueprint on

how the subsystems fit together.

• Chapter 4 deals with the complexities associated with EMG signal conditioning and

classification. Various classifiers and hyper-parameters are iteratively investigated

and summarised, along with the process for achieving classification success.

• Chapter 5 is focused on determining a curve-based relationship between EMG

intensity and the force exerted by a human hand. This will be used to provide

adaptive force control, actualising the users’ force intentions. Various regressor

models are put to the test and a chosen solution further optimised.

• Chapter 6 develops a comprehensive SMA model through system identification.

Many aspects deemed necessary are accounted for in the model dynamics, namely

power input, load, position and power modulation frequency. A new closed-

loop, simulation-ready model, is presented and its performance evaluated against

identified models.

• Chapter 7 is guided by the control required to achieve the grasps set out by the

users EMG signals. To do so, an intelligent controller is developed to minimise

the force and positional error affiliated with the actuator and gripping. The

interactions and performance of the subsystems are evaluated as a whole with

respect to the developed control system.

• Chapter 8 concludes the dissertation and the ideas contained within it. Drawing

to conclusion the performances of the subsystems and complete system.
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Chapter 2

Design and Concept Development

Ethical clearance, performance and functional specifications are established before com-

mencing with any experimental procedures contained within this dissertation. As per the

University’s requirements, any research activity involving human participants requires

ethics clearance. The application and supporting documents submitted to the Human

Research Ethics Committee (HREC) may be found in Appendix 10, with clearance

being granted. Performance and functional specifications detail a collection of certain

information related to the engineering requirements, constraints and criteria. These

specifications are crucial in assessing the performance of the subsystems and system as

a whole, see section 3.3, the model overview.

2.1 System Performance and Functional Spec-

ifications

Performance and functional specifications define the required achievable system goals

and functions, and frequently how it is achieved. These are often broadly customer-

specified but subsequently segmented to provide quantitative and qualitative measures

by which the solution is accessed. Critical to the control engineering development

process, the performance specifications listed in the following subsections are rooted

in literature, where the appropriate reference is given. Also, functional specifications

define the purpose, process and method of a system. The subsections of section 3.2

deal with the performance and functional specifications for the subsystems detailed in

sections 4 through 8.

2.1.1 Electromyographic grasp recognition model

With the development of NN pattern recognition models, it is necessary to have perfor-

mance specifications in place that govern the training, validation and stop criteria. The

risk of converging to a local minimal solution is vastly increased with complexity; thus,

it remains imperative to reduce or segment the NN, ensuring a minimal global solution.

Additionally, smaller networks inherently reject over training, has better generalisation

capabilities and requires less memory and computation time. An acceptable model

has performance and functional characteristics resulting in adequate training, testing

7



and validation class classification accuracy. It also should (i) have robust disturbance

rejection, (ii) have low false acceptance rates and (iii) be simple such that it dynamically

maximises the number of useful parameters. Cognisant of this, the quantitative and

qualitative EMG GR performance and functional specifications are as follows:

• The classifier must accommodate six grasp classes excluding rest, namely 3 jaw

chuck pinch, cylindrical grasp, hook grasp, lateral pinch, spherical grasp and tip

pinch.

• The number of neurons and hidden layers must be optimally minimal to avoid

overtraining and maintain generalisation.

• The number of training epochs must remain minimal as it leads to longer compu-

tation time and adversely affects testing and validation accuracy.

• The model must be robust, reject noise and artefacts employing pre-processing

and maintaining outliers in the dataset.

• Layer weights and biases must be fixed to the same non-zero starting values when

investigating NN trials.

• The Normalised Mean Square Error (NMSE) of the NN classifier model must be

less than 0.01 [21].

• The combined overall training, testing and validation classification accuracy must

exceed 90%, and the accuracy of each class must exceed 85% [21].

• The Area Under Curve (AUC) of the Receiver Operation Characteristic (ROC)

must be greater than 0.85 for each classification class [21].

• The trained NN model must be capable of processing in excess of 20, 80ms

observations per second to mimic human response time [21].

• The trade-off between precision and recall must yield an F-measure approaching

unity.

• The resultant Matthews Correlation Coefficient (MCC) must be positive and

approach unity.

• It must be possible to deploy and embed the developed NN classifier model on a

microcontroller.

2.1.2 Electromyographic-force model

Regressor models are widely used, interpretable and serve as the basis for many other

input-output models. Not surprisingly it is used in signal-input-signal-output (SISO) sys-

tem identification. Conversely, the absence of publications establishing the relationship

between the EMG intensity recorded from the isometric contraction of forearm muscles,

and the force generated by the hand prompts the use of statistically-driven performance

specifications. Good-fit measures such as the Root Mean Squared Error (RMSE), the
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sum of squares due to error (SSE), (R2), residuals and confidence intervals make up the

standard statistical tools used to evaluate regressor model performance. Detailing these

measures, RMSE is the absolute mean deviation from the predicted response. Likewise,

R2 defines the variance in the dependent variable as a result of independent variable

changes, whilst SSE gives a sense of the expected discrepancy between the two. Finally,

residuals and confidence intervals describe the uniformity and uncertainty inherent to

the regressor model. With this in mind, the quantitative and qualitative EMG-force

regressor model performance and functional specifications are as follows:

• The regressor model must linearly describe the relationship between forearm EMG

intensity and grip force.

• The data collection process must be visually verifiable to safeguard data validity.

• The number of neurons and hidden layers must be minimal to prevent outlier data

from significantly impacting the model training process.

• The RMSE of the model must be below 1.5N, thus representing good generalisation

capabilities amid data variability [22].

• The R2 of the model must be above 0.85, indicating little in data variance around

the line of best fit [22].

• The model residuals must be homogeneously scattered around the zero axis,

showing unbiased usable data.

• The SSE must be below two, and the data must lie within the 95% confidence

interval [22].

• The data collected and the subsequent model must correspond to the operating

force range of 0N-9.81N whilst being normalised with respect to EMG intensity.

• The developed NN model must be capable of processing in excess of 20, 80ms

observations per second [22].

• It must be possible to deploy and embed the developed NN regressor model on a

microcontroller.

2.1.3 Shape memory alloy actuator model

NARX NNs make use of a buffered input and feedback signal in order to forecast a

response. The efficacy of NARX NN truly becomes apparent when taking into account

time-dependent applications. One such application is system identification of SMA

actuators, which are notoriously transient due to heating/cooling cycles and hysteresis.

Apart from evaluating the performance specifications of the model using statistical means,

i.e., NMSE and R, it is necessary to include time-domain characteristics encompassing

speed of response, stability and steady-state error. Also, the autocorrelation of the

targets and crosscorrelation of input and target input needs to be within the prescribed

confidence intervals, and the significant input and feedback lag identified. With functional
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specifications, consideration is given to the error encountered in displacement, velocity

and acceleration tracking. Shifting to functional specifications, properties required from

the SMA actuator include power consumption, peak and continuous force production

and heat dissipated during and/or after resistive heating. Thus, the quantitative and

qualitative SMA actuator model performance and functional specifications are as follows:

• The model must account for the transient dynamics present in the SMA actuator;

these include heat dissipation, resistive heating, hysteresis, pseudo-elasticity and

the SMA effect for the given configuration.

• The data range must encompass a broad bandwidth such that the controlled

motion is fluid and non-jerky.

• The number of neurons and hidden layers must be optimally minimal.

• The minimum significant lags for both input and feedback delay signals must be

obtained.

• The model must be ready to implement in a simulation environment to ensure a

closed-loop form.

• The NMSE of the SMA actuator model must be below 0.01 [23].

• The R of the model must be greater than 0.95, representing a strong direct

correlation between model response and actual data [23].

• The NN SMA actuator model must be capable of processing in excess of 20, 80ms

observations per second [23].

• It must be possible to deploy and embed a BlackBox equivalent SMA actuator

model on a microcontroller.

2.1.4 Robotic prosthetic hand model

Anthropomorphic RPHs aim to achieve the dexterity and appeal of normal hands whilst

reducing the complexity associated with them. To do this, considerable attention is

given to the action of the joints and linkages and the DoFs they represent. In a 10 DoF

RPH, which is presented in this dissertation, the action of the distal interphalangeal

(DIP) joint of each finger is assumed to bear no significance in the task of gripping. It

is therefore fixed in a set position; as such only, the proximal interphalangeal (PIP)

and metacarpophalangeal (MCP) joints are mechanically represented and specified.

Functionally, these representations need to be constrained to have the same range of

motion and grasping potential as a normal hand would have. Also, specifications such

as friction, damping and density of the links need to be presented accurately to reflect

the dynamics of an RPH. An accurate representation of an anatomically-based RPH

results in a realistic control solution that is viable beyond a simulation environment.

The performance specifications represent the trajectory tracking and steady-state error

stemming from inertial effects. Supplementary to this, the resultant delay in response

should be minimal in affecting the controller stability and performance. The type
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of feedback element and its corresponding dynamics should not impact controller

performance. The quantitative and qualitative RPH model performance and functional

specifications are as follows:

• The RPH model must consist of 10 DoFs [24].

• The model and design must account for the range of usual motion of a normal

hand.

• Density, friction, damping, together with gravitational effects, must be accounted

for in the simulation model.

• The RPH must be steady-state stable.

• The RPH must have joint angle and force feedback sensing elements with saturation

bounded outputs.

• RPH inertial-based response delay must be considered during controller develop-

ment.

2.1.5 Fuzzy logic control system

As typical with controller performance geared towards achieving a desired dynamic

response over a given operating range, a time and frequency-domain evaluation route are

taken. Cognisant of experimental and published values, time-based objectives are set for

measures such as maximum overshoot, peak time, time to first zero error, settling time,

rise time, delay time, decay ratio and steady-state error. These measures frequent in

the analysis of the overdamped, underdamped or critically damped trajectory tracking

error. Besides the measures as mentioned earlier, frequency-based objectives such as

bandwidth and cutoff rate seek to optimise the range of excitation frequencies beyond

which saturation and attenuation occur. Implementing these concepts in an FLC system

means intuitive decisions must be made with respect to the: operating range, number

of classes, membership functions, rule-base and defuzzification method, leading to a

stable, noise attenuating, disturbance rejecting and robust controller. Along these lines,

the quantitative and qualitative FLC performance and functional specifications are as

follows:

• The stability of the FLC must be guaranteed during the control of the SMA

actuator over the specified operating range.

• The FLC must be able to reject disturbance.

• The FLC must be able to attenuate noise.

• The position, velocity and acceleration tracking error of the FLC must be the least

possible, and the NMSE must be less than 0.01 [25].

• The FLC must be simple and reduce the classes required so that the coupled rules

are narrowed.
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• In-line with published performance specifications, for a step input of 30◦[26, 27]:

1. The maximum overshoot must not exceed 5◦.

2. The peak time must not exceed 0.1s.

3. The time to first zero error must be less than 0.01s.

4. The response must settle to within 95% of the steady-state value within 1s.

5. The rise time must be less than 0.08s.

6. The delay time must not exceed 0.05s.

7. The decay ratio must not surpass 0.3.

8. The steady-state error must not be greater than 1.5◦.

9. The bandwidth range and cutoff rate must promote a fast response time and

reduce noise susceptibility in the system.
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2.2 Control System and Model Overview

The core of this dissertation, as shown in Figure 2.1, the model overview, focuses on the

control-related subsystems and how they fit together. Coherence and detailed attention

is given to the integration of the subsystems, primarily centralised around points of

interest in control theory.

Target Muscles 

Flexor: 

 Flexor Digitorum Superficialis

 Flexor Carpi Ulnaris

 Flexor Pollicis Longus

Extensor: 

 Extensor Digitorum Communis

 Extensor Carpi Radialis Longus

 Extensor Pollicis Longus

Delsys Trigno wireless 

EMG electrode sensors  

(Sampling at 1925 Hz) 

Delsys EMGWorks 

data acquisition 

Filtering 

 20 Hz, High-pass (Movement artefacts)

 50 Hz, Notch (Power-line interference)

 74 Hz, 222Hz, Notch (Resonant power-

line interference and devices)

 400 Hz, Low-pass (High frequency noise)
Normalisation to MVC and signal 

rectification (Excluding slope 

sign change and zero crossings) 

EMG Feature Extraction 

 RMS

 MAV

 MAVS

 SSC

 WL

 ZC

BPANN classifier 

model with Scale 

Conjugate Gradient 

training algorithm (NN 

trials selection) 

Moving window average 

smoothing and thresholding 

and median filtering (80ms 

window, 0.4 confidence 

threshold, 250 buffer) 

Target Switching Function 

Angle: 

 Thumb, MCP and PIP set-point  joint

angles

 Index, MCP and PIP set-point joint angles

 Middle, MCP and PIP set-point joint

angles

 Ring, MCP and PIP set-point joint angles

 Pinky, MCP and PIP set-point joint angles

Force: 

 Regressor set-point force for Thumb,

Index, Middle, Ring and Pinky finger

BPANN regressor 

model with Levenberg-

Marquardt training 

algorithm (NN trials 

selection) 

Low pass filter-based 

angle and force trajectory 

planning (Positive and 

negative part) 

Mamdani fuzzy logic-based controller 

for shape memory alloy actuator with 

genetic algorithm optimisation of 

hyper-parameters 

Power and force 

saturation (0W-17W, 

0N-9.81N) 
NARX BPANN time-series shape 

memory alloy actuator model with 

Levenberg-Marquardt training 

algorithm (NN trials selection) 

Displacement saturation 

(0mm-5mm) 

Robotic hand distal and 

proximal linkage dynamics 

(Linear displacement to angle) 

10 DOF Robotic prosthetic hand 

model with dynamics (In set 

position) 

 3 Jaw chuck pinch

 Cylindrical grasp

 Hook grasp

 Lateral pinch

 Rest

 Spherical grasp

 Tip pinch

Model routing 

Joint angle and 
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Figure 2.1: Model overview.
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Chapter 3

Real-Time Grasp Classification of

Multi-Channel Surface

Electromyographic Signals
Towards Soft Robotics for Robotic Prosthetic Hand Actuation

In this chapter, a feasible and novel robust sEMG GR model for use in an RPH was

developed. The Delsys Trigno setup and grasp apparatus were used to extract data

from five non-disabled participants. Using Matlab and Python, the extracted data

went through pre-processing, feature extraction using analytical and numerical tools,

and pattern recognition processes. The classifiers developed were compared based on,

confusion matrices, and ROC plots; and using the performance specifications results, the

NN classifier proved to be the most feasible model for further use. This classifier had a

98.83% accuracy and was used to get the boundary for the GR model after smoothing,

thresholding, and class interpretation of its outputs.

3.1 Theory and Literature Review

Classification of hand grasps using agonist and antagonist muscle pairs, i.e., flexor and

extensor pairs, in the context of forearm muscles, is considered a multifaceted control

problem. Initial strides towards myoelectric controlled RPHs made use of calibrated

thresholds to perform on/off two-state control, also known as bang-bang control. This

control scheme switches between on and off states when certain thresholds are met,

thereafter performing a predetermined grasp movement. This has, however, progressed

to more modern and disruptive soft computing artificial intelligence-based solutions.

NN proponents of such solutions include shallow, deep, convoluted, long short-term

memory, Multi-Layer Perceptron (MLP) and radial basis function NNs. These classifiers

may make use of numerous cost optimised algorithms for training, testing and validating.

. Furthermore, the algorithms achieve minimal error by selecting appropriate weights

and biases. Other non-NN-based classifiers exist and are explained in later sections.

The complexity of EMG GR is broken down into multiple steps, each of which

introduces different dynamics, resulting in a large number of combinations which may

yield a satisfactory solution. As shown in Figure 3.1, the progression of steps includes

data acquisition, pre-processing, feature extraction, classification and post-processing,

and is based on the recommendations given by Englehart et al. [28]. The following
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paragraphs introduce theory as well as references in the field of sEMG GR.

Figure 3.1: GR of sEMG signals for use in an RPH.

3.1.1 Data acquisition

EMG data acquisition, either through the use of surface or indwelling electrodes, fol-

lows a strict set of guidelines which remain the same regardless of the muscle being

investigated. sEMG is generally preferred over Indwelling Electromyographic (iEMG)

since it is non-invasive and does not produce any discomfort. That being said, sEMG

come with several drawbacks, including cross-talk and noise. Throughout literature,

an overwhelming majority of EMG data acquisition devices used for GR classification

purpose are based on sEMG approach.

A notable example of this is presented by Akhmadeev et al., [9], where eight sEMG

electrodes, in the form of a Thalmic Myo armband, were used to classify six different

hand gestures with a 99% accuracy. The sEMG device was notably unusual in that it

sampled at a rate of 200Hz with 8-bit precision, which according to literature [29, 30, 31],

is roughly half of the recommended sampling rate. This peculiarity, coupled with the

accuracy achieved, seems to suggest that a frequency range of 20Hz to 200Hz accounts

for much of the sEMG signal required for GR. On the contrary, it may be debated that

the lack of samples used to establish the classifier negatively impacted the generalising

capabilities of the classifier.

Further delving into data acquisition, a comparison of six different sEMG data acquisition

setups, namely Otto Block, Delsys Trigno, Cometa Wave, Dormo electro- cardiogram

and dual and single Thalmic Myo armbands, by Pizzolato et al., [32]. The study found

that the best classification accuracy was obtained from the data recorded by a 12-sensor

Delsys Trigno setup. This was done using various Ninapro databases, and considered 41

hand movements, retaining a fixed classifier architecture. In conclusion, Pizzolato et

al., argue that other low-cost (feasible) alternatives, such as the Thalmic Myo armband,

produced data that lead to acceptable performance.

Conversely adopting an iEMG-based approach, Nawab et al., [33], used a database,

populated with data collected from quadifilar needle sensors, to classify complex hand

movements using a wavelet decomposition technique which yielded feasible performance

measures. The wavelet decomposition technique, which is growing in popularity [34],

assigns fundamental waves extracted from the iEMG signal to different MUs and further

superimposes these to reproduce the original iEMG signal. In this case, the signals are

produced by three differential channels and a cannula-derived channel.

Due to various safety concerns surrounding iEMG data acquisition, it was decided that

an sEMG route be explored in this dissertation. For sEMG, recommendations are given

by the Surface Electromyography for the Non-Invasive Assessment of Muscles (SENIAM)

protocol. Apart from containing an extensive repository of data resources, the SENIAM

protocol standardises the position and placement of electrodes by using reference motor

point locations. The protocol also considers the sensory and pre-processing requirements

15



necessary for EMG data acquisition. This dissertation focuses on forearm muscles

with the intended goal of achieving prehensile movements, as shown in Figure 3.2. As

identified by Billock [3], these grasps are arguably the most common grasps used, thereby

substantiating their selection for further investigation.

Figure 3.2: Prehensile hand movements associated with common everyday tasks [3]; reproduced

with permission.

Comparably with the database introduced by Pizzolato et al., Sun et al., [32, 36],

investigated a large number of grasps, totalling 52 grasps, excluding rest. The research

made use of two Thalmic Myo armbands in parallel, each with eight data acquisition

channels. The first armband was placed close to the elbow, with the corresponding first

sensor placed in-line with the radio humeral joint. In addition, the second armband was

placed closer to the hand with a staggered 22.5◦arrangement. Using this setup, Sun et

al., [36] maintain that a generative flow model with a softmax classifier could classify

the aforementioned grasps with a 64% accuracy. The workers also postulated that the

assumption made between the factorised feature and muscle synergy led to lower than

expected results.

With fewer grasps examined, Gondolla et al., [8] managed to achieve a mean classifica-

tion accuracy of 76% using a cascade ANN classifier for the fist grasp movement. By

comparing the results obtained by Sun et al., [36] and Gondolla et al., [8] the evidence

projects that fewer grasping actions result in a better average classifier accuracy. This,

therefore, leads to the hypothesis that increasing the number of grasps investigated,

increases the complexity of the classifier, thereby making it exceedingly challenging to

tune and optimise. By the same token, using limited sensors to classify a large number

of grasps may be likened to an underactuated system.

Recently advancements in GR has resulted in classification forecasting through antic-

ipatory signals. A notable advantage of such an approach is the reduction in lag. Siu et

al., [37] implemented this operating procedure and achieved an accuracy of 76% using a

combination of Gaussian mixture and continuous-emission hidden Markov models. The

investigation made use of seven Delsys Bagnoli sensors, equidistantly spaced around the

circumference of a stretchable band, to forecast the intended grasp, either picking up a

cup or a rod. The sensors were placed at 25% ulna length, with the origin at the lateral

epicondyle.

Due to the link between grasp and muscle, it is mandatory to give insight and discuss

the source of the grasps. Each muscle in the body is made up of many individual muscle

fibres, where fine motor control generally requires fewer muscle fibres as opposed to

muscles providing strength. This dissertation considers high-density muscles in the

superficial compartment of the forearm, making the task of palpation easy to accomplish.

Palpation is a preliminary step in sEMG GR and is used to locate a muscle of interest.
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To do this, resistance is applied in the opposite direction to the action, which results in

a palpable tensing of the target muscle.

The forearm muscles identified as being pivotal in achieving the grasps shown in

Figure 3.3 are listed in Table 3.1, with corresponding action, origin and insertion points.

Using SENIAM recommendations, palpation and visual cues, the location of the target

muscle and its belly may be found. Once the locations are established, an electrode is

attached to the surface of the skin directly above. To this end, the target muscles and

corresponding belly locations shown in Figure 3.3 and are reflected by label and colour

in Table 3.1. Grasping may now take place; however, the correct posture and placement

of the forearm must be maintained throughout the recording of the sEMG signals.

Table 3.1: Target muscles for the prehensile hand movements identified [38, 39]

Muscle Label Action Origin Insertion

Flexor digito-

rum superfi-

cialis

1 Brown Flexion of PIP

joints with coupled

MCP and wrist

movement

Medial epicondyle

of the humerus and

portions of the ra-

dius and ulna

Anterior base of

proximal phalanges

of fingers excluding

thumb

Flexor carpi ul-

naris

2 Purple Flexion and adduc-

tion of the hand at

the wrist joint

Medial epicondyle

of the humerus, ole-

cranon and poste-

rior of ulna

Pisisform bone,

hook of hamate

and base of pinky

metacarpal

Flexor pollicis

longus

3 Pink Flexion of the

thumb phalanges

and wrist

Middle of anterior

radius surface and

adjacent interosseus

membrane

Base of distal thumb

phalanx

Extensor digi-

torum

4 Red Extension of MCP,

PIP and DIP joints,

and assists wrist ex-

tension

Lateral epicondyle Extensor expansion

to middle and distal

phalanges of fingers

excluding thumb

Extensor carpi

radialis longus

5 Green Extension and ab-

duction of the hand

at the wrist joint

Lateral supracondy-

lar ridge

Posterior base of in-

dex metacarpal

Extensor polli-

cis longus

6 Yellow Extension of IP

and MCP joints of

thumb

Middle third of pos-

terior ulna and ad-

jacent interosseous

membrane

Base of distal pha-

lanx of thumb

.

Figure 3.3: Forearm locations of target muscles, left: anterior view, right: posterior view;

images courtesy of Anatomy Learning, Dr. R. Blanco Salado

Taking a look at sEMG devices, it is noted that they all follow a similar construction,
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constituting bipolar electrodes with a carefully selected inter-spacing coupled to an

amplification phase that is in series with a filtering phase. Some notable passive and

active EMG devices include Delsys, Noraxon and MyoWare, all of which exhibit unique

advantages and disadvantages.

Some of the disadvantages include Power-Line (PL) interference, movement artefacts

and electrocardiograph interference. On the other hand, differences in physiology lead

to varying degrees of cross-talk between adjacent muscles, skin impedance, subcuta-

neous fat, muscle fatigue, muscle conduction velocity and muscle firing rate. Another

pronounced concern apart from the sampling rate is the Signal to Noise Ratio (SNR)

inherent in the sEMG device. This factor, in essence, determines the extent to which

filtering needs to take place.

3.1.2 Data pre-processing

This second step in GR assesses the quality of the raw sEMG data through the lens of

both time and frequency-based characteristics. Nonetheless, before filtering, it is essential

to select the data that constitutes the sEMG signal, since many sEMG devices record

measurements other than potential difference. A good example is inertia measurements

in the x, y and z axes. Due to the sheer size of data being recorded, programs such as
MATLAB and Python are more efficient than Excel for processing.

Analysing sEMG data in the time-domain is unintuitive, and sources of noise may

not initially be apparent. Therefore, Fourier transforms are useful in transforming

the raw data into a frequency-domain representation, where it is easier to pick out

sources of noise and their corresponding resonant frequencies. It is well-established in

literature that appropriate filtering yields a reduction in amplitude of artefacts from PL

interference.

Filtering is an sEMG pre-processing procedure and is introduced by Atzori et al., [10].

Here, a Hampel filter is used to attenuate PL interference and harmonics recorded by the

Delsys Trigno sensors. Also, super sampling, through linear interpolation, was used to

increase the density of the sEMG signal and offline relabelling was performed with a gen-

eralised likelihood ratio algorithm. Vital to the performance of the classifier, the labelling

process ensured that visual stimuli were aligned with contraction periods. In combina-

tion with low and high-pass filters, Atzori et al., [10] found that the aforementioned

pre-processing implementations were sufficient to reduce the effects of white Gaussian

noise as well as movement artefacts. Furthermore, De Luca et al., [40] recommended

a Butterworth filter with a corner frequency of 20Hz and slope of 12dB/oct. These

filter specifications compromised between the attenuation of low-frequency mechanical

artefacts and the preservation of the sEMG signal.

As an alternative to filtering, Anand et al., [41] showed that a canonical correlation

analysis suppressed heterogeneous white Gaussian noise while retaining the information

density present in the original sEMG signal. Herein the noisy sEMG signal was broken

into canonical components with subsequent morphological filtering, Gaussian filtering

and thresholding.

Another typical inclusion in the pre-processing procedure is sEMG signal rectification.

This fundamental concept together with detailed insight is highlighted by Myers et al.,

[42], who asserts that rectification enhances the sEMG firing rate information of the
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EMG signal by shifting the action potential spectrum peak to lower frequencies. Thus,

the wide-spread use of rectification is justified, however, may not be explicitly necessary

as many features inherently rectify the sEMG signal.

Noise may be categorised into four main types, namely ambient noise, movement artefact,

inherent sEMG signal instability and inherent circuit instability [43]. Though filtering

deals with the first three types, it fails to remove noise components emanating from

the sEMG sensor circuit. This is because the energy associated with this type of noise

overlaps the energy of the sEMG signal, thereby making it indistinguishable. To solve

this, a wavelet-based denoising method is proposed by Phinyomark et al., [44], which

requires the selection of five processing parameters. Phinyomark et al., [44] showed

that the method increased classification accuracy between 2% and 50% for an sEMG

database considering seven hand movements and eight muscles.

Non-linear signals, such as sEMG signals, often warrant adaptive pre-processing tech-

niques such as empirical mode decomposition. First used by Andrade et al., [45] to filter

sEMG signals, empirical mode decomposition uses an iterative approach to estimate

intrinsic mode functions. Furthermore, this technique is shown to yield superior results

when compared to wavelet-based denoising [46]. However, the computation of intrinsic

mode functions is cumbersome due to the iterative manner in which it is estimated. To

mitigate long computations and the sensitivity induced by empirical mode decomposition,

Zhang et al., [47] suggested a noise-aided derivative called ensemble empirical mode

decomposition. This technique removed the effect of mode-mixing and showed that it

could adequately remove PL interference, white Gaussian noise and baseline wandering

[48].

Though literature suggests various sEMG pre-processing methods which exhibit better

classification accuracies than filtering, it should be stated that these techniques are

far more complex in implementation and given suitable sEMG sensors become redundant.

3.1.3 Feature extraction

Feature extraction is a method in which time, frequency and time-frequency based char-

acteristics are selected from a signal to define the underlying system or data dynamics.

Classification efficiency is vastly reduced without the use of feature extraction due to

noise and fluctuations present in the raw sEMG signals. These, in turn, corrupt the

training process and leads to the incorrect mapping of relationships. Also, the addition

of feature extraction increases the information clustered within the sEMG signal, which

in turn increases class separability.

One of the most widely explored time-based feature sets in sEMG classification is the

Hudgins’ set, consisting of Hudgins’ features, namely MAV, MAVS, SSC, WL and ZC

[49]. Another commonly used time-based feature in GR is RMS, followed by standard

deviation and variance statistical features [49].

Hudgins et al., [48] argued that the combination of Hudgins’ features resulted in superior

classification, of which it is suggested that it can be improved through the incorporation

of time-frequency-domain features.

Due to a large number of features available, it is infeasible to explore all combinations.

Thus, dimensionality reduction approaches are often used to remove irrelevant or highly
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correlated features. Techniques like particle swarm optimisation and genetic algorithm

[50] have all shown success in selecting and reducing the number of features required,

especially for large datasets. Principal Component Analysis (PCA) has also received a

lot of attention and success in increasing the number of effective parameters [51, 52]

and remains the default feature reduction technique in the classification learner toolbox

provided in MATLAB. More recently, a Grey Wolf Optimiser, proposed by Too et

al., [53], showed an improvement in classification performance, feature reduction and

computation time when compared to binary particle swarm optimisation and genetic

algorithm.

Closely linked to feature extraction is the use of sliding windows, which may be

explained as an interval (also known as a window) of specific length iterating each sample

over the data set, while computing the intended statistics for the given window length.

This procedure increases the information contained within a considered segment. It is, in

essence, a collective representation of the data contained within the window length, which

may be likened to a low-pass filter with a cutoff frequency dictated by the window length.

Based on the work by Zhai et al., [54] which focused on exploring the advantages of

using Convolutional Neural Networks (CNNs) for neuro-EMG-based pattern recognition,

it appears that a window and overlap length of 200ms is suitable for GR. Yielding

similar performance and again using a CNN, Hartwell et al., [55] validated a shorter

window and overlap length of 150ms and 5ms, respectively.

It is however noted that the length of window and overlap, though impacting latency,

also has an effect on the overall performance of the classifier. In this dissertation, a

shorter window length was explored such that lag induced during later processing steps

would result in a latency below 300ms for real-time implementation [56].

Shown in Algorithm 1 is a pseudo-code representing the concept of sliding windows.

The pseudo-code starts by importing the raw sEMG data, which consists of voltages

typically in the order of 106V. These voltages represent muscular activity over the

recorded period. Then using a combination of user-specified window and overlap lengths

as well as the total length of the data set, the number of padded zeros are calculated.

These are appended to the data array such that out of bounds indexing does not occur.

A feature extraction method is subsequently computed for each window. This method

reduces the number of samples by several orders of magnitude, inadvertently decreasing

computation time.

Algorithm 1: Pseudo-code for GR feature extraction of sEMG data

Data: Raw sEMG data

Result: Feature extraction

1 Load data;

2 Zero pad data depending on window and overlap length;

3 for Length of data do

4 Perform feature extraction method;

5 Append data;

6 end

7 Save results;

Equations 3.1.1 through 3.1.6 define mathematically the features chosen and investigated
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in this dissertation. The features were intentionally selected to minimise the need for

feature reduction. It is advised that the dimensionality of features be reduced when

considering unknown combinations of/or excessive features.

Starting with what is considered a fundamental feature, Equation 3.1.1 represents

the RMS over a given window length, where N is the total number of samples in the

window length and xn is the individual samples. Plotting this equation produces a

rectified sEMG signal with peaks described by muscle contractions and expansions, and

valleys described by periods of inactivity.

RMS =

√√√√ 1

N

N∑
n=1

x2
n (3.1.1)

Equation 3.1.2 is used to calculate the MAV for a given window. By taking the absolute

value, Equation 3.1.2 inherently performs full-wave rectification and preserves the nega-

tive components of the sEMG signal while reflecting the average sEMG signal.

MAV =
1

N

N∑
n=1

|xn| (3.1.2)

Equation 3.1.3 is linked to Equation 3.1.2 such that it considers the first derivative

expressed as the slope of Equation 3.1.2. This is useful in determining the rate at which

the sEMG mean increases or decreases and may be an indication of the MU firing rate

and muscle fibre conduction velocity. The equation makes use of the current and future

MAVS values under the assumption of a constant sampling rate.

MAV S = MAVn+1 −MAVn (3.1.3)

Shown in Equation 3.1.4 is a feature also used outside of feature extraction, in noise

attenuation and data pre-processing. sEMG noise which consists of high-frequency

superimposed oscillations is identifiable and separable using higher than average SSCs,

thereby substantiating its possibility as a pre-processing technique.

The method of SSC feature extraction deals with the number of negative to positive

(or vice versa) gradient changes occurring within the window length, in other words,

quantifying the number of turning points present in the sEMG signal. This equation

results in the sum of a binary array, where zero depicts no SSC, and one proves the

existence of one (that is the SSC). It should be noted that the SSC is a whole number

which is calculated using non-rectified sEMG data.

The optimum threshold which is contingent on the SNR of the sEMG data is high-

lighted by Kamavuako et al., [57], suggesting that a threshold factor of zero provides

a good trade-off between system performance and generalisation. It is furthermore

postulated that an increase in the threshold factor, though reducing background noise

by smoothing the signal, only serves to degrade the sEMG signal characteristics. In

comparison, Phinyomark et al., [58] found the optimum gain-dependent threshold to be

10mV for both SSC and ZC features. At the same time, Akhmadeev et al., [9] applied a

threshold equal to 3% of the maximum signal level.
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SSC =
N∑

n=2

f [(xn − xn−1)× (xn − xn+1)]

f(x) =

{
1 if x ≥ threshold

0 otherwise

(3.1.4)

Equation 3.1.5 outlines an important feature describing signal complexity. The WL

illustrates the cumulative jump (that is positive or negative) in the sEMG signal for

consecutive time steps. Rapid shorter fluctuations typically are as a result of noise

and therefore appears as lower WLs. Also, WL by definition, is a positive number and

indicates the waveform amplitude, frequency and duration [49]. All variables used in

the equation were previously described.

WL =
N∑

n=1

|xn+1 − xn| (3.1.5)

Like Equation 3.1.4, Equation3.1.6 is calculated using rectified sEMG data with the

threshold deciding which ZC is counted. Given a discretely sampled sEMG signal, the

difference in signs between the current and following sample constitutes a ZC (which is

crossing the threshold axis).

Commonly used in speech recognition, ZC gives a coarse depiction of the spectral

characteristics of a signal. Also, a higher ZC rate implies the presence of noise and

reduced muscle activity. The optimum threshold was discussed in the introduction

of Equation 3.1.4. In Equation 3.1.6, sgn and ∩ refer to the sign and intersection
respectively.

ZC =
N−1∑
n=1

[sgn(xn − xn−1) ∩ |xn − xn+1| ≥ threshold]

sgn =

{
1 if x ≥ threshold

0 otherwise

(3.1.6)

3.1.4 Pattern recognition

Pattern recognition in broad terms describes a process where underlying correlations that

are mainly non-linear and difficult to spot are deduced from input-output pairs. This

may be likened in classical control theory to a form of system identification. Therefore,

adequate feature extraction is a prerequisite to good pattern recognition.

Pattern recognition loosely referred to as classification frequently uses iterative train-

ing to learn and map a combination of linear and/or non-linear functions to input-output

data. In this case, the input data represents the features extracted, while the output

data represents the corresponding classes. The output classes are synonymous with

labels which bear no numerical significance.

Comparable with the myriad of features is the number of pattern recognition algo-

rithms. Previously mentioned in Section 1.3, these include ANN, SVM, DA, FIS, ANFIS,

k-th Nearest Neighbour (KNN) and Decision Tree (DT) classifiers. Each classifier is

better suited for specific applications. In the case of sEMG pattern recognition, Linear

22



Discriminant Analysis (LDA), ANN and SVM classifiers have shown the most potential.

Regarding ANNs, Laezza [59] investigated the performance associated with the imple-

mentation of CNNs, Recurrent Neural Network (RNN) and a combination of the two,

to classify 40 different grasps using data present in the Non-Invasive Adaptive Hand

Prosthetics database (Ninapro DB7). Laezza found that an RNN with long short-term

memory units performed the best with an accuracy of 91.81%, arguing that this was a

result of the memory-like characteristics of the network. It was concluded that deep

NNs for myoelectric control have many hurdles to overcome; however, their success as a

classifier cannot be discounted.

In the same manner, Yamanoi et al., [60] showed that CNN might be used to reduce the

error associated with prosthesis reseating. This operation typically requires retraining of

the classifier model, but based on the results demonstrated; this was not a requisite for

the developed classifier. Quantitatively the accuracy improved by 12% when compared

to the baseline, ultimately culminating in a reseating accuracy of 84% after a reseating

drop of 4%.

Concerning ANN classifiers, Gondolla et al., demonstrated that a single-layer BPANN

classifier is as effective in GR as its CNN counterpart. Using a unique approach consist-

ing of two BPANNs in series, Gondolla et al. effectively reduced network complexity.

As a by-product, the tuning of hyper-parameters was made easier. On the other hand,

when extended to multiple grasps, the classifier architecture is predicted to be slow and

computationally expensive for real-time applications.

Improving on the accuracy attained by Gondolla et al., by a margin of 13%, Ahsan et

al., [61] similarly developed a BPANN classifier to distinguish between four rudimentary

hand motions specifically up, down, left and right. Also, only one sEMG channel was

considered, reducing the size of the feature vector and simplifying fine-tuning opportuni-

ties, including the selection of a training algorithm and the number of hidden neurons.

Ahsan et al., [61] emphasised the comparison between Levenberg-Marquardt (LM) and

Scale Conjugate Gradient (SCG) training algorithms and found the former algorithm

was superior. The major limitation to the study was the use of small sEMG datasets,

which do not truly reflect the characteristics of the LM training algorithm, since more

massive datasets present Jacobian related memory issues.

As previously indicated, a large number of classifiers are validated in GR applications.

Summarised in Table 3.2 are a few of the classifiers with corresponding accuracy, training

algorithm and reference.

Table 3.2: Comparison of classifiers used in sEMG GR [62].

Classifier
Accuracy

(%)

Training Algorithm /

Optimisation

BPANN 89.2 LM

99.0 Gradient descent

97.5 Gradient descent

91.0 SCG

76.0 SCG

CNN 98.3 Transfer learning

72.1
Stochastic gradient

descent

Continued on next page
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Table 3.2 -- Continued from previous page

Classifier
Accuracy

(%)

Training Algorithm /

Optimisation

90.4
Stochastic gradient

descent

DA 98.8
Resillient

back-propagation

92.7 Baysian optimisation

91.8 Maximization

SVM 92.0 Cost parameter iteration

92,0

Limited memory

Broyden-Fletcher-

Goldfarb-Shanno

93.3 Genetic algorithm

FIS 93.1 User-knowledge

90.0 User-knowledge

89.7 Back-propagation

ANFIS 92.0
Back-propagation and

least-mean-square

95.0 Error back-propagation

72.0 PCA

DT 97.6 Baum-Welch

KNN 84.9 Euclidean distance

58.0 Euclidean distance

78.6 Euclidean distance

Extreme learning

machine
99.8

Extreme learning

machine algorithm

98.5 Coarse grid-search

ANN is a term which broadly refers to different NNs. Inspired by the brain, ANNs

make use of links (synapses) with weights (dendrites) to form the pathways between

activation functions (neurons). The lineage of an input signal (action potential) through

an ANN shown in Figure 3.4 starts with a multiplicative operation, which essentially

scales the input. Thereafter at the neuron junction, the resultants are summed and

passed through the activation function alternatively understood as a transfer function.

Differences in the activation function dictate the type of NN developed. For instance,

the perceptron developed by Rosenblatt [63] is the predecessor to most modern NNs.

This consists of a step activation function and a threshold term referred to as the bias

which collectively produces a binary output. Returning to the input signal lineage, a

bias term is added, and the process is repeated depending on the number of the hidden

layers of the NN.

Stemming from the emergence of the back-propagation algorithm; the perceptron was

developed into the aforementioned multilayer perceptron (MLP). This algorithm made

it possible to update weights given a multi-layer network. The back-propagation al-

gorithm forms the foundation of NN-based classifiers upon which training algorithms

are implemented. For example, when the back-propagation algorithm is combined with

the gradient descent algorithm, the gradient of the cost function with respect to the

output received during the feed-forward step is minimised. Consequently, the weights

are updated in the direction of steepest descent, resulting in a classifier with better

performance.

Training algorithms often associated with NNs include gradient descent, LM, Polak-
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Figure 3.4: Architecture of a multi-layer NN.

Ribiere and Fletcher-Powell conjugate gradient, Quasi-Newton, conjugate gradient and

SCG. These algorithms perform differently depending on the application; however, as

implicitly noted earlier, LM is known to yield faster convergence and is, therefore, most

commonly used. This is substantiated in a review conducted by Nazmi et al., [62], in

which the LM training algorithm outperformed the SCG training algorithm given 10,

20 or 30 hidden neurons (single-layer NN). However, the study did not consider the

computational affects stemming from large input data, but as an alternative provided

adequate training time. Algorithms such as gradient descent produce the same outcome

but have an added advantage (in comparison to other training algorithms than LM) of

being less likely to produce vanishing outputs due to the small step-sizes taken. Besides

slow convergence, a major disadvantage of using such an algorithm for training classifiers

is the difficulty brought about in locating a global error minimum.

A solution to this, developed by Møller [64] is the SCG algorithm which accordingly

scales orthogonal steps in search of the global minimum. The SCG training algorithm

is discussed to provide context consequent to its use in this dissertation. With the

conjugate gradient algorithm as the starting point, it was thought that the scaling

factor used to determine the step-size could more accurately be described by using a

non-symmetric approximation. After testing this theory (adaptive conjugate approach),

Møller found that it failed in almost every instance due to the absence of a positive

definite global error function Hessian matrix. Møller then proposed that the model-

trust region approach from the LM algorithm be combined with the conjugate gradient

algorithm. This was done by adding the multiplication of a scalar and the current

conjugate point to the approximation. By iteratively adjusting the scalar according to

whether the Hessian matrix is a positive definite or not; the indefiniteness of the global

error function is regulated. In other words, the scale factor is appropriately shifted such

that the updated weights will culminate in a solution that converges.

Equation 3.1.7 [65] defines the proposed scale factor, where the first term is the

nonsymmetric approximation of E ′′(w̃k)p̃k. Additionally, λk is a scalar, p̃k is the con-
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jugate system, E is the quadratic global error function, w̃k is the weights vector and

σk = σ/|p̃k|, where σ is a scalar element in the range 0 < σ ≤ 10−4.

s̃k =
E ′(w̃k + σkp̃k)− E ′(w̃k)

σk

+ λkp̃k (3.1.7)

The manner in which the scalar augments the estimation of the global error function is

artificial. Møller also proposed a measure denoted as ∆k, which gauges the approxima-

tion strength and is shown in Equation 3.1.8.

∆k =
E(w̃k)− E(w̃k + αkp̃k)

E(w̃k)− Eqw(αkp̃k)
(3.1.8)

Where αk is the step-size and Eqw is the quadratic global error approximation in the

neighbourhood of the weights vector.

Finally, according to the rules shown in Equation 3.1.9, the scalar together with the

weights vector, shown in Equation 3.1.10, are updated. δk is a recursive product and
equates to p̃TkE

′′(w̃)p̃k.
Besides the training algorithm, another critical consideration in the development of

a NN is the activation function. Activation functions are mathematical constructs which

serve to map an input to a corresponding output, typically in the range −1 ≤ output ≤ 1.
Apart from the normalising properties, an activation function also needs to be computa-

tionally efficient and differentiable due to the scale of the network and requirements for

the back-propagation algorithm, respectively.

if∆k > 0.75, then λk =
1

4
λk

if∆k < 0.25, then λk = λk +
δk(1−∆k)

|p̃k|2
(3.1.9)

w̃k+1 = w̃k + αkp̃k (3.1.10)

There are two types of activation functions, namely linear and non-linear. Linear

activation functions, which are more advantageous to use than step activation functions,

present two major disadvantages. Firstly, back-propagation offers no meaning since the

derivative of the linear function is a constant, which consequently hinders the comparison

and selection of weights. Secondly, the network is limited to a single-layer because a

combination of linear functions remains a linear function. Conversely, a combination of

non-linear functions results in a function with a higher degree of non-linearity. Further-

more, non-linear activation functions are differentiable and are known to more accurately

describe real-world problems.

Shown in Figure 3.5 are some common activation functions (also referred to as

kernels) used in ANNs. Analysis of the log-sigmoid activation function reveals charac-

teristics including a smooth gradient, bounded positive output and vanishing gradient.

The tan-sigmoid activation function shares the same characteristics, however, is not

positive bounded, but instead, zero-centred. The Rectified Linear Unit (ReLU) activa-

tion function is the most computationally efficient of the kernels presented in Figure 3.5

and although seeming linear, possesses a derivative function. The selection of initial
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weights must consider the fact that the derivative of the ReLU activation function breaks

down approaching zero and prevents learning. The softmax activation function found in

the output layer of the BPANN classifier developed in this dissertation is discussed in

Section 3.4.4.2.

Figure 3.5: Standard NN activation functions

Despite the rules of thumb concerning the optimum selection of the number of neurons

and layers in an NN-based classifier that exist, there remains no definitive answer to

this question. Thus, a trial and error approach is often utilised and followed up with an

optimisation technique for hyper-parameter selection.

Sharing sentiments of a trial and error approach, NN trials suggested by Heath

[65] consists of the sequential adjustment for the number of neurons and layers. The

performance of the NN is assessed for each iteration given fixed initial conditions and

sufficient training epochs. By following this approach, not only does it indicate the

neuron-layer configuration with the most potential, but it also gives insight into the

degree of non-linearity linking inputs and outputs.

Optimisation techniques such as particle swarm optimisation and genetic algorithm

have shown improved success when compared to the random selection of the number of

neurons and layers [50]. However, as the network size and ensuing number of parameters

increase, the effectiveness of the optimisation technique drops leading to slower conver-

gence. This is attributable to the stochastic behaviour associated with the selection

of the number of neurons and layers and is less prevalent in the selection of other

hyper-parameters. Hence, these techniques are far better suited for the optimisation of

parameters, including the learning rate and regularisation, to name a few.

By virtue of simplicity and the number of parameters, a NN trial approach is adopted

in this dissertation for the selection of the number of neurons and layers. The pseudo-

code governing the outline of this approach is shown in Algorithm 2. At first, the

hyper-parameters are set and kept constant for all trials. Then the number of neurons

and layers are changed within the bounds defined, and the NN is trained. Once complete,

the performance is recorded for comparison and selection purposes.

Guided by the need to compare the performance of GR classifiers fairly, it is essential to

establish the mathematical framework related to the performance specifications pointed

out in Section 2.1.1.

The most basic form of comparison between classifiers may be achieved using the

accuracy, is the ratio between correct classifications and the total number of classifica-

tions. Although showing deceptive properties depending on the distribution of data and

application, accuracy remains arguably the most widely accepted performance measure

for classifiers. Equation 3.1.11 defines the accuracy of a classifier using constructs

extracted from a visual performance metric known as a confusion matrix. Herein, the

terms TP , FN , TN and FP are the true positive, false negative, true negative and false
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Algorithm 2: Psuedo-code for NN trials; establishing the optimum network

architecture
Data: Feature and class matrices

Result: NN performance

1 Load data;

2 Initialise NN;

3 Initialise weights and biases;

4 Set training algorithm;

5 Set activation function kernel;

6 Set stop criteria;

7 for Number of iterations do

8 Update number of layers;

9 Update number of neurons;

10 Train NN;

11 Compute and append performance;

12 end

13 Save results;

positive, respectively. Accuracy is defined within the range 0 ≤ accuracy ≤ 100, where
zero and 100 refer to the worst and best possible classifiers.

Accuracy = (
TP + TN

TP + TN + FP + FN
)× 100 (3.1.11)

Before regarding other classifier performance measures, two important concepts are

introduced mathematically in Equations 3.1.12 and 3.1.13. Equation 3.1.12 defines

precision, which is described as the proportion of data predicted as being relevant to

the data that is considered relevant.

Equation 3.1.13 specifies recall, which is the ability of the classifier to find relevant

classifications. The equations above are inversely proportional and frequently demands

a trade-off between the two. Additionally, precision and recall are ∈ {0; 100}.

Precision = (
TP

TP + FN
)× 100 (3.1.12)

Recall = (
TN

TN + FP
)× 100 (3.1.13)

Succeeding the definition of precision and recall it is possible to express the harmonic

mean of a combination for the two, known as the F1 score with Equation 3.1.14. For a

balance between precision and recall, the F1 score excels as a performance measure in

cases where an uneven class distribution is present in the data.

Furthermore, when extended to a multi-class problem, the F1 score is calculated on

a per-class basis, and a macro weighted or micro average is computed for the overall F1

score for the classifier. F1 score is bounded by zero and one, and respectively refers to

worst and best trade-off cases between precision and recall.
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F1 score = 2× (
Precision×Recall

Precision+Recall
) (3.1.14)

The last performance measure described in Equation 3.1.15 is MCC which shares similar

attributes with Pearson’s coefficient. The MCC, unlike the F1 score, is insensitive to

class imbalance. In other words, even though classes may have different sizes, the MCC

prescribes equal significance to each class. The MCC is a ∈ {−1; 1}, where negative one,
zero and positive one respectively describe an inverse, random and perfect classifiers.

It should be noted that Cohen’s Kappa is also considered in this dissertation; however,

the mathematical description is not presented.

MCC =
(TP )(TN)− (FP )(FN)√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)

(3.1.15)

3.1.5 Data post-processing

Post-processing of sEMG classifications is a step in which misclassifications or the effect

thereof is minimised. In real-time applications where different users are concerned, the

classifier is guaranteed to produce a varying degree of performance. Put differently; it is

not possible to achieve a classifier that will perform the same given different amputees

with different levels of impairment and physiology. Moreover, this is extended to numer-

ous factors that include sensor placement, surrounding noise, static and dynamic motion

disturbances, muscle fatigue, skin impedance and psychometric condition. Now that the

concept of varying misclassifications is set, the role of post-processing becomes clear.

A notable attempt in the real-time post-processing of GR classifications is presented

in work by Simon et al., [66], where a decision-based velocity ramp is used to attenuate

the speed of the grasping action. This process effectively smoothens the transition

between motions by acting like a low-pass filter. Nevertheless, despite the realistic

motion that is instilled, the process also introduces ”sluggish” behaviour and may be

susceptible to sensor drift.

Another approach often seen is a majority vote post-processing method. To this, En-

glehart and Hudgins identified the potential of the method in reducing the number of

misclassifications. As the name suggests, the majority vote method considers a sliding

temporal window in which classification ”vote” are cast. Subsequently, the votes are

added, and the output is assigned to the classification with the most votes. The majority

vote method is similarly reflected as a median filter.

A novel ANN-based solution was proposed by Amsuss et al., [67], in which the

maximum likelihood and global mean muscle activity were used as features. This

post-processing technique leads to an improvement in classification accuracy ranging

between 4.8% and 31.6% depending on the included nonstationarities. It should be

noted that this method is complex, but when implemented, produces less lag than both

the velocity ramps and majority vote discussed prior.

Based off of a simpler, more intuitive idea, Zhang et al., [47], showed that a carefully

selected threshold might be used to detect the onset of motion. After which, the classifi-

cation is locked in place until another motion onset is predicted. This technique was

shown to reduce misclassifications by 50%. Also, the post-processing technique proposed

in this dissertation and discussed in Section 3.4.5 correlates with some of the aspects of
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post-processing presented by Zhang et al., [47]

To this end, the thresholding algorithm applied in this dissertation is shown in

Algorithm 3. The algorithm starts with the inclusion of a confidence input from the

classifier. Depending on the confidence level and the threshold chosen; the classification

is assigned to a class which describes the final output. This method of post-processing

replicates the effects of onset detection, particularly if a low threshold is set. However,

there remains a trade-off between onset detection (which reduces lag) and the number

of misclassifications.

Algorithm 3: Pseudo-code for classification post-processing using a threshold

Data: Classification confidence

Result: Classified grasp

1 Input class confidence level;

2 if Input class confidence is greater than threshold & only one class then

3 Output that class;

4 else

5 Output unrecognised class;

6 end

3.2 Experimental Facilities

The apparatus introduced in this section may be deconstructed into two constituents,

namely hardware and software. Hardware formed the basis of the interface between

human and computer, and comprised of the sEMG recording device, grasping apparatus

and processing system. MATLAB and Python programmes were used as software tools

for data processing purposes. These included the applicable toolboxes, programs and

written code. Over and above, though, not forming part of the apparatus listed in

this dissertation, a low-cost sEMG sensor prototype was developed presupposing the

non-procurement of an sEMG recording device. The use thereof was not required; how-

ever, it may be extended and used for future studies to improve the feasibility of an RPH.

3.2.1 Hardware

3.2.1.1 Electromyographic device

Delsys Trigno setup – Six wireless sensors with 16bit resolution, baseline noise of 750nV,

Common Mode Rejection Ratio (CMRR) <80dB, mass of 14g and onboard Butterworth

bandpass filter (40/80 dB/dec). The articulation of the apparatus required starts with

the single most important piece of equipment, the sEMG recording device. This device

is responsible for capturing muscular activity, which is represented as a potential differ-

ence. A Delsys Trigno system was made available by the Physiology Department and

subsequently used in this study to record the sEMG signals.

An important factor to consider when acquiring data, in any application, is the

sampling rate at which the data is recorded. This point is illustrated by considering a

sinusoidal signal sampled at the frequency of oscillation, resulting in a flat-line output
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where the sinusoidal nature of the signal only becomes apparent when sampling four

times the frequency of oscillation.

For sEMG GR, it is well documented that the frequency band containing the information

of interest lies between 20Hz and 400Hz [68]. Therefore, with an upper-bound of 400Hz

and cognisant of the Nyquist criterion, a sampling rate in excess of 800Hz is theorised.

This is partly invalidated by Chen et al., [69] in a comprehensive study detailing the

effects of sampling rate on the accuracy of an sEMG classifier. The workers analysed

several classifiers, features and sampling rates and concluded that the accuracy only

noticeably deteriorated below 200Hz. Also, higher sampling rates were observed to

yield higher accuracies, but only marginally so, decreasing by as little as 0.83% between

1000Hz and 400Hz. The opinions asserted by Chen et al., [69] were similarly mirrored

by Li et al., [70], finding very little consequence in the removal of frequencies above and

below, 600HZ and 60Hz, respectively. With the findings above in mind and employing

the Delsys Trigno system, sampling wirelessly at a rate of 1925Hz and allowing for a nat-

ural range of motion during data acquisition is justified in suitability for GR applications.

The electrodes are comprised of dual bipolar solid Ag/AgCl extrusions with a grounded

reference. This choice of Ag/AgCl electrodes minimises skin to electrode resistance,

reducing noise and improving resolution capabilities. The composition of the Delsys

sEMG sensors follows an outline similar to that touched on in Section 3.1.1 and are

housed in a server case for charging and storing purposes. As indicated in the user-

manual, the sensors should be placed parallel to the target muscle such that contractions

or expansions are representative of individual muscles and include minimal crosstalk.

The Delsys Trigno system is depicted in Figure 3.6, detailing the hardware (server

case and 16 wireless sensors) and software (EMGworks). Alternating green and red

blinking of an LED, located on the sensor, indicates that it is on. Based on the work

presented in previous studies, the Delsys Trigno system output is presumed credible

and validated in both accuracy and GR purpose [71]. Also discussed in Section 3.1.1

is the introduction of low-pass and high-pass filters to attenuate the noise external

and implicit in the sEMG sensors. Securing the sensors to the skin of the partici-

pant is accomplished with the use of double-sided tape, fixed to the underside of the

sensor, and sporting tape (known as Elastoplast) placed over the sensor and adjacent skin.

Shown in Figure 3.7 are the anterior and posterior dominant forearm views of the

participants involved after the attachment of the sEMG sensors. Five non-disabled

participants, all male within the age range of 23-25 years, volunteered for this study

and were all right-arm dominant. The number of participants and trials (not to be

confused with NN trials) was arrived at after taking into consideration generalisation

requirements and the review conducted by Phinyomark and Scheme [73] on big data

sEMG classification. In the review, the number of participants ranged between five

and 40, while the trials ranged between 360 and 17280. Predicated on this, the trials,

referred to as iterations in Section 3.3.1, were appropriately selected and the lack of

data avoided. By considering only non-disabled participants, the scope and palpation

requirements were reduced. Other apparatus required for the preparation of the skin

before adhering the sEMG sensors, included a razor, shaving foam, body scrub and

alcohol wipes. By preparing the skin, any oil, hair, residue or dead skin is removed to

increase the consistency of good quality data.
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Figure 3.6: Delsys Trigno and EMGworks data acquisition setup; images courtesy of Delsys

[72].

Figure 3.7: Forearm placement of sEMG sensors directly above target muscles.

An advisor from the Physiology Department was present during the data acquisition

process and primarily assisted in the location of the target muscles. Permission was

obtained from the participants to include the images shown in Figure 3.7, which shows

the sensor placement and setup. Note that the numbers with reference to the muscle

detailed in Table 3.1.

3.2.1.2 Grasp apparatus

Figure 3.8a details the grasping apparatus designed and manufactured solely to standard-

ise the prehensile actions investigated, refer to Figure 3.2. The standardisation of Grasp

Objects (GOs) is due to the fact that variations in the dimensions of GOs used during

the prehensile hand movements, results in different joint angles, ultimately influencing

the level of isometric muscular contraction experienced. With this, the consistency and

repeatability of data acquisition, between participants, is ensured.

Following the invent of additive manufacturing, in the form of 3D printing, prototyp-

ing has become a rapid and straightforward process. It presents an optimal path for the

manufacturing of the GOs outlined in this dissertation. The GOs were designed bearing

in mind the dimensions of everyday items as well as objects used in previous studies

related to GR.

The GOs were designed in Inventor and thereafter discretised into layers, i.e., sliced,

using Cura, with a layer height of 0.2mm, infill of 80% and build plate temperature of
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50◦C in order to reduce warping. Utilising polylactic acid (PLA) filament with default

Creality CR-10 (3D printer) settings, such as feed rate and fan speed, the GOs were

printed in roughly 30hrs. The design of the GOs accommodated both left and right-hand

dominant participants in either a mounted or suspended position.

Shown sequentially in Figure 3.8a are the manufactured GOs of the prehensile mo-

tions, namely cylindrical grasp, spherical grasp, hook grasp, tip pinch, lateral pinch and

the 3 jaw chuck pinch.

The set position of the participant’s hand during rest, prior and following grasping

is highlighted in Figure 3.8b, and its role clarified in Section 3.4.2. The characteristic

dimensions of the GOs are given in Table 3.3. By mounting the GOs to a base, the

portability was improved, setup time reduced and the support of the participant’s elbows

made possible, in turn reducing the risk of fatigue-related effects.

(a) Grasp apparatus

(b) Set position

Figure 3.8: Grasp apparatus and set position of hand during sEMG data acquisition

Table 3.3: Characteristic dimensions of GOs.

Types of Prehension Dimension (mm) Image

(1) Cylindrical Grasp D=42, H=160

(2) Spherical Grasp D=60

(3) Hook Grasp L=160, H=30

(4) Tip Pinch D=15

(5) Lateral Pinch L=69, H=66, t=2.5

(6) 3 Jaw Chuck Pinch D=10, H=160
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3.2.1.3 Processing system

For machine learning applications such as pattern recognition, it is necessary to obtain

a computer superior to most conventionally available computers. Knowing this, the

processing system used in the development of the GR model as well as the acquisition

and processing of the sEMG data is an HP notebook with 64-bit Windows operating

system, 8th generation core i7 CPU at 4GHz and 8GB RAM.

The processing system made use of an integrated intel graphics card, which did not

possess the same capabilities as a CUDA-enabled GPU and therefore had no effect on

the reduction of the computation time.

3.2.2 Software

3.2.2.1 Electromyographic operating system

EMGworks is a proprietary software package offered by Delsys to work in conjunction

with the Delsys Trigno system. When launched and configured, the graphical user

interface (GUI) displays and records, in real-time, the data received serially from the

analogue to digital converter (ADC) on-board each sEMG sensor. Before being able to

display and record sEMG data, some preliminary steps need to be completed.

Firstly, after creating a new project, the software prompts the user to input participant

information typically needed for body mass index (BMI) evaluations. After inputting

the participant’s information, a list of connected Delsys Trigno sensors, as depicted in

Figure 3.9, will be made available. The sensors may be renamed and assigned to a

specific muscle by dragging and dropping the individual sensor on the corresponding

muscle provided in the anatomical model.

Figure 3.9: Selection and configuration of sEMG sensors in EMGworks.

Additionally, unused sensors may be discarded from the registry of sensors, while the

type of data, be that inertial or sEMG potential difference, is selected as an output.

In EMGworks a variety of tasks are made available to the user and particularly include

the signal preview, the plot & store and the MVC. Of these, it is advised that a signal

preview be performed to ensure the sensors are in working order before commencing
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with data acquisition.

The plot & store task is responsible for the real-time display and recording of sEMG

data. The record duration, the number of cycles and visual prompts indicating the

start and stop of each intended motion defines it. An example of the plot & store task

(which comprises the bulk of data acquisition time) is illustrated in Figure 3.10. As per

the output of EMGworks, the data is saved as an HPT file and later batch converted

to an XLS file. This output data file contains numerous column vectors, where the

first column represents time values, followed by the inertial and potential difference.

Likewise, each row corresponds to a sample taken.

Figure 3.10: EMGworks plot and store task.

3.2.2.2 Programming packages

MATLAB and Python are sophisticated coding languages which, along with most of

their add-ons, are open source and easy to manage. The user-friendly process of coding

incorporates a myriad of libraries and applications, most of which are geared towards

data science applications. Two such applications which have gained much attention in

machine learning is Keras and TensorFlow. TensorFlow is similar to toolboxes provided

by MATLAB and serves as an alternative machine learning application.

In this chapter, however, Python is not considered for machine learning applications

but rather for data manipulation using the Numpy and Pandas libraries. In later

chapters the combination of Python and pyQT results in a GUI with principles of which

may be extended to the developed sEMG sensor (refer to Appendix 10).

MATLAB and Simulink provide resources particularly for pattern recognition and

classification purposes, which permit the rapid development and optimisation of classifi-

cation models. For this dissertation, the classification learner and pattern recognition

NN toolboxes provided by MATLAB will be used.

Shown in Figure 3.11 is the classification learner application, which requires an

input-output workspace matrix of data where the input is numerical values and the

output labels. Preprogrammed classification algorithms are trained using provided

data, resulting in a model with unique performance characteristics, including confusion
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matrices and ROCs. These characteristics are further used in conjunction with the

accuracy of the trained model to select the most feasible model.

Figure 3.11: MATLAB classification learner application.

Important in big data applications is the holdout validation method, which selects

a sample representation of the entire data set and is done in order to evaluate the

predictive performance of the fitted model. Other options given in the application

include cross-validation and no validation.

Figure 3.12: MATLAB NN pattern recognition application.
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Given a NN dedicated GR solution, the NN pattern recognition toolbox, shown in Figure

3.12, follows a similar input-output data structure to the classification learner, however,

differs in the outputs being binary column vectors.

Various NN hyper-parameters affecting the performance of the developed classifier

may be adjusted and are only made available through written code. Once the model is

trained, options to deploy it in the form of an embedded code or Simulink block are

given. In this dissertation, the emphasis is placed on the Simulink block deployment of

the selected model for simulation purposes.

3.3 Methodology

In this section, a multi-stage methodology geared towards the classification of grasps

from sEMG data is given. The end product of which is a feasible BPANN classifier

model that can distinguish between six prehensile motions excluding rest. Each stage is

summarized with a flow-diagram before being elaborated on in a stepwise manner.

3.3.1 Data acquisition

The sEMG data acquired from the participants over one week formed the basis for much

of the development of the proposed GR classifiers. Initially, mock data was generated

using an example dataset available in MATLAB to test the validity of the ensuing

methodology and formed part of the first pass attempt.

Numerous intrinsic and extrinsic risk factors were considered throughout the data

acquisition process. The range in physical properties between participants posed the

largest risk to data integrity and was prevented using MVC normalisation as a standar-

dising procedure. Figure 3.13 shows a summary of the data acquisition methodology.

As a prerequisite for GR, it is initially required to obtain both ethical and registrar

clearance (see Appendix 10). The ethical and registrar clearance must cover the scope

of the work being investigated, and no data collection may commence before receiving

them. The process of GR data acquisition starts with the gathering of the relevant

apparatus required, after which suitable participants for the study are found. The Delsys

Trigno system used in this study is located in the Movement Lab, at the University of

the Witwatersrand Education Campus. Prior to the participants’ arrival, the system is

powered on, and serial communication is established with the processing system using a

USB adapter. The data acquisition process also requires grasp apparatus, EMGworks,

consumables and Python. The participants in this study are informed, before arriving

on the day of testing, to have their dominant forearm cleanly shaven. This minimises

injury-related risks and reduces the time needed for setup.
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Figure 3.13: Summary of GR the data acquisition methodology.
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Below are the detailed steps of the data acquisition process shown in Figure 3.13.

Step 1 With the assistance of a physiology supervisor, the participants’ target

forearm muscles were correctly located by merging palpable resistive motions

with the forearm measurements.

Step 2 Once the locations of the target muscles were determined, the participant’s

forearm was swabbed with a scrub and further cleaned using an alcohol wipe.

This was to ensure that the skin impedance was close to the recommended

60KΩ. A multi-meter was then employed to verify this.

Step 3 Next, the sEMG wireless sensors were attached to the participant’s forearm

directly above the identified target muscles by using two strips of double-sided

tape sandwiched between the bottom ends of the sensor and the skin. For

accurate readings, the arrow on the sensor was aligned parallel to the muscle

being probed. Then the sensor was pressed firmly into place and reinforced

with Elastoplast tape around its perimeter to secure it onto the skin.

Step 4 After providing sEMGworks with the participant’s information, the integrity

of each sensor was verified by first ensuring it appears in the list of available

sensors. This was followed by the use of a signal preview task, indicating the

state of the inertial and potential difference measurements graphically.

Step 5 Once the sEMG sensor integrity was validated, the grasping apparatus were

introduced, and the principal investigator demonstrated six prehensile hand

motions, excluding rest. This was done to acquaint the participants’ with

the names, actions, visual cues and the recording procedure undertaken for

each grasp.

Step 6 Seven plot and store tasks were then set up in sEMGworks, where each

task was scheduled to run for 50 x 10s iterations with 5s breaks in between

each iteration. A countdown as well as start and stop prompts were used to

provide the participants with visual cues.

Step 7 Linked to Step 6, each 10s iteration was structured such that for the first 2s

the participant’s hand was in a set position (see Figure 3.8b) followed by 6s

of the prompted grasp, at roughly 30% MVC, and concluded in a set position

for the remaining 2s. Care was taken to minimise fatigue and inconsistencies

by advising the participant on posture, arm placement and the strength

required for their grasp.

Step 8 After recording and saving 350 iterations, the participant-specific MVC data

was acquired through requesting the participant to press firmly against a table

with an open hand. This resistive motion was done for 10 x 10s iterations

with longer breaks in between to avoid fatigue-related affects

Step 9 After concluding the data collection process, the sEMG sensors were detached

from the participant and cleaned. A questionnaire which assessed the level of

comfort the participant had during the process and probed on any information

regarding prior hand impairments the participant might have had. This was
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useful to assist in removing erroneous data. Based off of the feedback from

the questionnaire, no discomfort or previous impairments were observed or

reported.

Step 10 Step 1 to Step 9 were repeated for a total of five participants. The resultant

trials were batch converted to XLS files using the Delsys file utility and stored

for further analysis.

3.3.2 Data pre-processing

The pre-processing of sEMG data for GR aims to expose the defining signal dynamics

by lowering the amplitude of unwanted interferences. This stage of GR is governed by

the implementation of software and considers, for the most part, the manipulation of

frequency-based signal characteristics.

The sEMG data acquired, in its raw form, is composed of fluctuations in both the

positive and negative domain. This is unfavourable in feature extraction and therefore

requires rectification as a pre-processing step. Figure 3.14 shows a summary of the

data pre-processing methodology. The code developed as part of the pre-processing

methodology is given in digital appendices.

Figure 3.14: Summary of the data pre-processing methodology.

The steps describing the process of data pre-processing shown in Figure 3.14 are as

follows:

Step 1 The raw XLS data was read in sequentially from the file directory it was

saved in using the Pandas Python library. Inertial data was recorded, but

not taken advantage of due to the absence of variance in the signal stemming

from the stationary posture maintained. Otherwise stated, the trials were

static and the inertial data regarded as meaningless. Hence, columns on the

inertial data were removed from the dataset, leaving only the raw sEMG

data.

Step 2 The newly structured raw data was imported sequentially into MATLAB, and

a filtering process was applied. Using a bandpass filter and notch filters with

notch strengths ranging between 35 and 105, PL interference with harmonics,

movement artefacts and high-frequency noise were removed.

Step 3 Once filtered, full-wave rectification set the tone for positive definite inner

workings of the classifiers developed. A non-rectified copy of the data was

kept for SSC and ZC feature extraction purposes. This was done to generate

negative index sEMG signals required by the feature.
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3.3.3 Feature extraction

Feature extraction is performed solely through the use of software and mathematical

tools. Applying the features described in Section 3.1.3 to an sEMG signal leads to an

apparent and separable trend. The method of feature extraction is coupled with sliding

windows, and Min-Max normalised to the MVC to improve classifier robustness.

In odd cases where the maximum feature values from the MVC data were superseded

by the maximum feature values from the sEMG data, the maximum feature value from

the sEMG data was used as the normalising divisor. Figure 3.15 shows a summary of the

feature extraction methodology. The code developed as part of the feature extraction

methodology is given in digital appendices.

Figure 3.15: Summary of the feature extraction methodology.

Step 1 Feature extraction was performed on the rectified and non-rectified sEMG

data within the MATLAB environment, and beyond using the conceptsp-

resented in Algorithm 1 and Equations 3.1.1 to 3.1.6. A window length of

80ms and an overlap of 20ms was set. Feature extraction results in far fewer

data points in comparison to the start of the process. The feature data was

categorically stored as XLS files.

Step 2 The resulting feature data was normalised to participant-specific MVC data

in MATLAB. This process started with the extraction of the maximum value

in the MVC data, for each participant and feature separately. Then using

the absolute of this value as the divisor, the corresponding extracted feature

data was normalised. This was an important step in ensuring the developed

classifier adequately generalised with new data.

Step 3 The normalised feature data for the six target muscles resulted in a total

of 36 features (that is six features repeated six times, one for each target

muscle). For each grasp repetition and participant, the feature data was

appended consecutively into a single matrix totalling 294000 rows and 36

columns.

Step 4 For class labelling purposes 5s of data was discarded from each trial using

according time indices, which resulted in 147000 samples. This accounted for

the initial and final 2s of each trial with a 1s buffer (in case of a late start

or early termination), by utilising a Numpy array and Pandas data frame

for batch processing. The feature dataset was saved as an XLSX file with

the corresponding output matrix/column being assigned labels indicating the

associated grasp.

Step 5 The classification models explored in the MATLAB workspace emphasises

the data types as well as the data structure required. For the classification

learner, a separate column for each class is required as an output, while the
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input consists of the feature matrix described in Step 4. The NN pattern

recognition input is the same as the input of classification learner, differing

in output with a singular column containing the relevant class labels.

3.3.4 Pattern recognition

Two performance recognition paths are covered in this dissertation, resulting in 12

classifiers which are comparatively evaluated among one another and against the per-

performance specifications stated in Section 2.1.1. Figure 3.16 shows a summary of the

pattern recognition methodology. The code developed as part of the pattern recognition

methodology is presented in digital appendices.

Figure 3.16: Summary of the pattern recognition methodology.

The steps taken during the pattern recognition process presented in Figure 3.16 are

given below:

Step 1 An appropriate classifier was selected in the learner application and moved

to the history data browser, where it was then possible to train the classifier.

Depending on the number and type of classifiers selected and whether the

processing computer supports parallel processing and has the relevant tool-

boxes, the models could be trained parallel to one another. This effectively

assigned the cores of the CPU to different tasks and decreased the overall

computation time.

Step 2 The training process, stated in Step 1 was performed for the following

classifiers, that is coarse, medium and fine DTs, linear and quadratic DAs,

linear, quadratic and cubic SVMs, and KNNs (coarse, medium and fine )

models. These were computed parallel to one another with 12 parallel pool

workers selected as the preference.

Step 3 Then, the accuracy, observation speed and training time of each classifier

mentioned in Step 2 were recorded. For each classifier, a snapshot of the

confusion matrix and ROC plot was taken in order to discuss the models’

performance comparatively. This step concluded the classification learner to

the GR approach.

Step 4 With a different input-output data structure to that used in the classification

learner (see Step 5), the NN pattern recognition input-output data was

imported into the MATLAB workspace.

Step 5 Using a script-based pattern recognition approach in MATLAB, the network

size and depth was defined (that is, the number of neurons and layers needed
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were specified). As a rule of thumb, it was noted that the number of hidden

neurons should not exceed twice those of inputs.

Step 6 Next, the hyper-parameters were defined. This includes the training function,

data division ratio, type of data division, the performance function, activation

function, validation number, number of epochs and training performance

goal. These were all set to the default for the first pass model.

Step 7 Forming part of the final model, the NN classifier was optimised using a NN

trials strategy. This was done by iteratively varying the number of hidden

neurons and layers, which was kept constant once a minimal cost model was

found. After that, other hyper-parameters were then individually adjusted,

and the best solution kept for further development. This method is similar

to genetic algorithm (GA) but does not account for the crossover associated

with parent pairs.

Step 8 The process described in step Step 7 resulted in a cost optimised (low MSE)

classifier with appropriate weights and biases. As such, the classifier was

exported as a Simulink block and represented the final NN pattern recognition

model before data post-processing developed in this dissertation. Additionally,

the confusion matrix and ROC plots were noted and compared with the other

classifiers proposed in this dissertation.

3.3.5 Data post-processing

The final step in GR model construction is data post-processing. Encompassed in

the post-processing step is the smoothing, thresholding and class interpretation of

the classifier outputs. This step takes place in a simulation environment and outputs

classifications directly connected to other subsystems that make up the RPH. Figure

3.17 shows a summary of the data post-processing methodology. The Simulink model

developed for post-processing is given in digital appendices.

.. Moving Average Confidence
Threshold Class Interpretation Median

Filtering End

Start

Figure 3.17: Summary of the data post-processing methodology.

The work done in the post-processing phase displayed in Figure 3.17 above is shown

in Step Step 1 through Step 5 below:

Step 1 Using a From Workspace Simulink block, the feature data, along with time

characteristics, are imported into the simulation environment. The block

options are edited such that the data is a vector of 36 values repeating every

time-step, where each time-step is inherited from the time column in the data.

This data formed the input for the NN pattern recognition Simulink block.

Step 2 Upon connecting the input with the NN classifier block, the output of the

classifier was probed using a scope. Through probing, it was determined
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that the classifier output (confidence) fluctuated between classes causing

uncertainty. Thus a moving average with a buffer of 100 windows and overlap

of 99 windows was used to help reduce the effect of rapid fluctuations. This

process cut down on misclassification but added a 60ms delay.

Step 3 After investigating the output of the classifier, it was observed that the model

predictions from Step 2 exceeded 40% confidence in cases where the true class

was reflected. A threshold method was thus used to facilitate an additional

correction for the misclassified inputs.

Step 4 Results from thresholding yielded an output which was interpreted into the

corresponding classes, class 1 to 8 (illustrated later in Figure 3.36). These

classes represented the 3 jaw chuck pinch, cylindrical grasp, hook grasp,

lateral pinch, rest, spherical grasp, tip pinch and no class. The no class

defined classifications which resulted in above 40% confidence over multiple

classes, which signified classifier confusion.

Step 5 The class outputs from the previous step were further processed by using

a median filter with a window length of 251 samples. This additional pro-

cedure produced an initial delay on start-up but did not significantly delay

classifications made after 251 samples. This window length was found by

trial and error and produced markedly better classification. The output from

this step formed the boundary for the GR model and was then made the

input of the SMA model.

3.3.6 Additional considerations

Additional considerations for the development of an sEMG GR classifier are as follows:

• The methodology, as it relates to this chapter, was performed concurrently with,

and linked to, thoughts expressed in Chapter 4.

• The RMS feature extraction data produced in this chapter formed the input to

the sEMG force predictive model.

• The uncertainty associated with resolution and truncation globally affected the

proposed classifiers, hence it was not accounted for, particularly when comparing

the performance measurements of the classifiers.

• It was noted that data acquisition over multiple days might vary dependant on

the noise present in the surrounding environment.

• The ambient temperature in the Movement Lab was kept at 20◦C, in order to

minimise the build-up of sweat on the participants’ skin during data acquisition.

3.4 Results and Discussion

This section details the findings produced during the development of a GR model, using

raw sEMG data as an input. Following the path outlined in Section 3.3, the results

unfold in a similar stage-wise manner. Analysing outputs along the development process
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led to the decisions and assumptions presented.

A trial and error process, together with a performance evaluation, was used to find

the best GR classifier configuration. After acquiring data and subsequently preprocessing

it, a few features were extracted and used to train comparative GR models. Using a

NN trials approach, successful NN hyperparameter arrangements were discovered and

guided towards outperforming other GR models explored in this dissertation, which

yielded a deep BPANN GR model that approached the pinnacle in classification ac-

curacy. Attributable to post-processing, a classification accuracy of 98.83% was achieved.

3.4.1 Raw surface electromyographic (sEMG) data

A predominant deciding factor in the quality of the recorded data is the equipment used.

To this end, the sEMG data recorded from the participants overflowed with information,

in turn containing enough characteristics for GR purposes.

Additionally, limitations were placed on achieving fine motor control since the mus-

cles governing these actions primarily stem from the intrinsic hand. Residing in the

superficial muscle-layer, the chosen forearm muscles were not subject to much noise

emanating from the muscles radially in-line with it. Thus a wave decomposition step

was not needed to extract the underlying signals.

Through observation, it was noted that the grasp apparatus used by the participants

during grasping was well suited, dimensioned and catered for the biologically physical

variations among participants.

Throughout data collection, 1800 data files (about 10GB of disk space) was collected.

Each file represented the sEMG potential difference for an iteration of a grasp per

participant, containing approximately 20000 samples over a 10s period for each muscle.

An example of a raw sEMG signal is shown in Figure 3.18. From this, it is clear that

grasping occurred over the specified 6s interval, starting at 2s and stopping at 8s (as

indicated in Step 4 of Section 3.3.3). It is also noticed that an offset of 25µV is present
in the recorded sEMG signal, which may be due to any number of reasons. However, the

offset remains persistent throughout the recorded sEMG signal across all muscles and

participants, leading to a hypothesised sensor offset. The effects of the offset are global

and do not influence class separability, thus may be omitted from further analysis.

The peak amplitude of the sEMG signal, either negative or positive, was observed to

scale proportionally with factors such as muscle diameter; therefore, physically adept

participants had, on average higher peak sEMG amplitudes. It is stressed that the

sEMG signal shown in Figure 3.18 is not indicative of the sEMG signals acquired from

the other muscles for a given grasp, seeing as different grasps activate, for different

muscles independently. This mutual linking between grasp and muscle appears to be the

factor that allows the pattern recognition algorithm to discern macroscopically between

different grasps.

Through visual inspection of the sEMG signals, it was observed that similar muscles

were active in both 3 jaw chuck grasp and tip pinch. This shows strong evidence that the

grasps are similar with respect to extrinsic muscle characteristics and that an intrinsic

evaluation may provide more promising separability.

A frequency-domain representation of the raw sEMG signal shown in Figure 3.18 is
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Figure 3.18: Raw flexor digitorum superficialis time-domain sEMG signal for cylindrical grasp.

presented in Figure 3.19. Not apparent at first glance from the time-domain depiction

of the raw sEMG signal, is the harsh frequency located at 0Hz (see Figure 3.19). This

is indicative of the direct current (DC) bias and may be removed by detrending the

data. This was not directly explored in Section 3.4.2 as it did not present clipping

issues; however, the peak was removed inconsequentially as part of the filtering process.

Resonant frequencies were observed in the sEMG signal, with frequencies within the

range of 0Hz to 150Hz. Which also resulted in notable PL interferences at 49.95Hz

frequency.

Figure 3.19: Raw flexor digitorum superficialis frequency-domain EMG signal for cylindrical

grasp.

Linked to the thoughts expressed in Step 2 of Section 3.3.1, the moderate ambient

laboratory conditions during testing resulted in a reduced risk of skin secretions, which

in turn reduced the likelihood of skin impedance. This was enforced with regular

examination of the skin.

The MVC data from each participant used for the comparison of MU activation

potentials between muscles, individuals and tasks, was obtained at the end of grasp

testing. This was to reduce fatigue-related skewing of data. In doing so, the MVC
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sEMG signals representing 100% muscle activation, were reduced in amplitude due to

fatigue. The effects of this were noticed and corrected at a later stage using a dataset

maximum search. However, it was evident that the alternative (that is acquiring MVC

at the start) would have resulted in far worse and inconsistent data.

3.4.2 Pre-processed electromyographic data

The sEMG data acquired from the participants contained high-frequency noise and

low-frequency artefacts. The removal of these superimposed interferences from the

base sEMG signal is undoubtedly a key to the basis of a superior GR model and is

examined and discussed next. The task of separating interference from useful sEMG

signals is arguably non-trivial. This is due to the narrow frequency range associated

with the critical sEMG signal characteristics coinciding with the frequency range of the

interferences.

It is useful to establish a frequency spectrum boundary for the sEMG signal as an

initial processing step. This is achieved by using a high and low-pass equivalent band-

pass filter; were a subtractive filtering process follows, to remove the harsh individual

frequencies and their harmonics. The peak frequencies discovered through a frequency

analysis showed a 49.95Hz PL interference with resonant frequencies at 74.08Hz and

222.20Hz. These resonant frequencies are hypothesised PL harmonics augmented in

wavelength by the surfaces in the testing facility, however, may equally be attributed to

electromagnetic disturbances from other devices present in the vicinity of testing. The

associated notch strengths found to provide adequate removal of these peak frequencies

increasing peak frequency. This is because a higher notch strength results in a smaller

-3dB localised bandwidth and thus drastically attenuates frequencies surrounding the

notch frequency. Since GR critical sEMG signals occur in the 20Hz to 150Hz frequency

range [30], care was taken to minimise the effect of the notch filters on frequencies

surrounding the cusp of the peak frequency. This premise substantiates the initially

lower notch strengths applied. Applying unique modifications of the filtering process for

each iteration of testing is impractical, and thus it is assumed over the testing period that

the interferences remained the same. This assumption allows for the batch processing of

all test iterations with the same filter parameters. This assumption presents drawbacks,

yet intriguingly, after randomly selecting and performing an FFT on multiple iterations

(between participants), it is concluded that the assumption is well-founded and plausible.

Listing 3.1: Code excerpt taken from sEMG signal filtering script

42 %EMG1

43 EMG1 = EMG1’ ;

44 EMG1_Bandpass = bandpass (EMG1, Bandpass_Rng , Fs ) ;

45 emg_notch11=f i l t e r (num1 , den1 ,EMG1_Bandpass ) ;

46 emg_notch21=f i l t e r (num2 , den2 , emg_notch11 ) ;

47 emg_notch31=f i l t e r (num3 , den3 , emg_notch21 ) ;

Based on the filtering procedure, Figure 3.20 is realised and shows the filtered sEMG

signal equivalent of Figure 3.19. Notably, the frequency range that characterises forearm

sEMG signals, expressed in previous studies, is valid. This is seen by considering the

power spectrum and spectral density of the filtered sEMG signal. Also, the sEMG
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signal frequency density seems to be consistent with literature following an exponential

distribution [68].

The filtering process used in this dissertation leaves room for improvement, an

example of which is seen in Figure 3.20, with the unaccounted for 375Hz (augmented

fourth-harmonic) peak frequency. This ties back to the assumption stated in the previous

paragraph. This limitation may be overcome by using an adaptive filtering technique,

which considers each iteration individually and modifies parameters accordingly to

remove outlier frequency spikes. Adaptive filtering may prove useful, while similarly

retaining a reasonable amount of noise is also essential to promote classifier generalisation

(degree of insensitivity towards noise).

The filtered sEMG signals are found to be suitable for feature extraction and compa-

rable to published data [74]. Further analysis of the filtered sEMG signals showed that

no distortion took place, and a high signal-to-noise ratio (SNR) was achieved. The SNR

was not calculated but visually estimated due to a lack of information surrounding the

noise and underlying signal amplitudes.

The last stage of sEMG data pre-processing is full-wave rectification. This basic

procedure is fulfilled, as previously addressed, by taking the absolute value of the sEMG

signal and is opposed to half-wave rectification, in which the negative parts of the sEMG

signal is discarded.

Figure 3.20: Filtered flexor digitorum superficialis sEMG signal for cylindrical grasp.

The aim of rectifying sEMG signals is to produce non-zero features. This concept is

explained by aid of Figure 3.21, where the sEMG signal is seen to be strictly positive, and

the resulting average over any non-infinitesimal slice never amounts to zero. This is an

important necessity for pattern recognition algorithms which rely on features as inputs

and is clarified by considering the MAV features. As such, the consequence of computing

the MAVs for a non-shifted sEMG signal (without rectification) is a diminished signal

that tends towards zero with significant overlap in the feature space. It now remains to

extract features from the pre-processed sEMG data.
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Figure 3.21: Rectified flexor digitorum superficialis sEMG signal for cylindrical grasp.

3.4.3 Feature extraction of electromyographic data

Feature extraction co-exists within many machine learning applications and is highly

problem-specific. The chosen features, by definition, represent the dataset. If chosen

incorrectly, the features may counteract one another or exaggerate unwanted dynamics,

resulting in poor classifier performance.

The Hudgins feature set introduced in Section 3.1.3 is used with additional features

to identify markers present in the sEMG signals, which are suggestive of the grasps

performed. The addition of RMS and MAVS (originally part of the Hudgins set but

omitted in recent years) features, present a two-fold improvement over the recently

highlighted Hudgins features.

Figures 3.22 to 3.28 show the results after applying Equations 3.1.1 to 3.1.6, with a

sliding window and overlap of 80ms and 20ms, to the rectified sEMG signal shown in

Figure 3.21. The white Gaussian noise behaviour of the sEMG signal amplitude, present

in Figure 3.21, is reduced after applying RMS feature extraction as shown in Figure

3.22. From this figure, it is also clear that the amplitude difference between the rest

state, prior and after grasping, is preserved and the difference amplified. This property

aids the classifier in accurately discerning between rest and active states. Also, the

rapid transient behaviour of the sEMG signal is reduced through RMS, and the SNR

inherently increased. Noticeable differences in the RMS of each muscle were observed

between grasps. Participants exhibited slight differences in RMS while on the other

hand retaining dominant muscle consistency.

The resulting MAV of the sEMG signal is closely linked in both the mathematical

representation and output of the RMS. This sentiment is visible when comparing Figures

3.22 and 3.23, reinforcing the perception that these two features perform the same duty.

Though partly true, this does not consider the added benefit of reinforced characteristics,

noted in the previous section, especially when a weighted feature approach to classifica-

tion is taken. Dissecting Figure 3.23, it is apparent that MAV is impervious to rapid

peak sEMG fluctuations and carries a deeper level of detail, as depicted by secondary

rises and falls superimposed in Figure 3.22. That being said, the output achieved from

MAV feature extraction closely resembles RMS feature extraction and the parameters
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Figure 3.22: Normalised RMS feature of the flexor digitorum superficialis sEMG signal for

cylindrical grasp.

derived from it.

There is an observable separability between the MAV acquired from each muscle, for

each grasp. Additionally, each participant presented unique coupling between muscles,

hinting at the overcompensation of certain muscles due to lack of strength in other

muscles.

The MAVS of the sEMG signal is shown in Figure 3.24. From the figure, it is easy

to see that not a lot of variation is present in the grasping portion of the sEMG signal.

However, this differs slightly between grasps and participants, but ultimately displays

the poor ability to expose differentiating underlying signal properties, calculated using

two segments. Besides this criticism, the feature is shown to be useful in determining

rest versus action states. It may be inferred from Figure 3.24 that MAVS is also a good

indicator of steady-state.

Figure 3.23: Normalised MAV feature of the flexor digitorum superficialis sEMG signal for

cylindrical grasp

MAVS is notably not positive definite, thereby influencing the choice of suitable NN

activation functions (tan-sigmoid) during classifier training. A commonality among
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grasps and participants saw an abrupt sharp peak indicating the start of the grasp,

followed by considerable fluctuations about zero and ending with another abrupt peak

indicating the end of the grasp.

Closely related to ZC is SSC, which is a time-domain representation of frequency-

based characteristics. From Figure 3.25, it is observed that this feature is inversely

proportional to muscle activity. Mindful of this, a lower SSC represents a grasp differen-

tiating region, while a higher SSC represents rest. Additionally, high SSC could indicate

noise [74].

Figure 3.24: Normalised MAVS feature of the flexor digitorum superficialis sEMG signal for

cylindrical grasp.

This property, however, changes as the threshold in the defining equation is increased

from zero. As the threshold is increased, the noise and rapid sEMG signal fluctuations

are attenuated; however, the risk of gating vital signals is increased. Through trial and

error, a threshold of 5µV is selected in this study. The resultant output shown in the
rest region of Figure 3.25 seems to suggest the threshold is too low, but a stance was

taken to err on the side of caution and progress with the chosen threshold. Across the

various participants and grasps, the only noticeable changes in SSC was the hierarchy

of dominant muscles.

The output of WL feature extraction is similar in trend to that of the RMS and MAV.

Though, this feature differs significantly in the tail end depiction. As shown in Figure

3.26, the WL seems to sustain the signal post-contraction in comparison to Figures

3.22 and 3.23. This introduces a trailing offset and could adversely affect the classifier

training progress. More importantly, certain peaks from the rectified sEMG signal are

accentuated. These represent regions where high-density information is present.

It would be interesting to explore adaptive bandwidths that exploit this phenomenon.

It appears from in literature that WL is a principal constituent of feature sets resulting

in exceptional classification [74]. Across grasps, inactive and active muscles varied, with

a discovered resemblance occurring between 3 jaw chuck and tip pinch.
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Figure 3.25: Normalised SSC feature of the flexor digitorum superficialis sEMG signal for

cylindrical grasp

Figure 3.26: Normalised WL feature of the flexor digitorum superficialis sEMG signal for

cylindrical grasp.

The inverse relationship between sEMG signal amplitude and ZC is apparent in Figure

3.27 but not strongly correlated. As such a threshold other than zero would remove

unwanted portions of the sEMG signal, though still attenuating background noise.

There was no discernible difference in ZCs between muscles for a given grasp for certain

participants; however, rest is an utter exception, indicating a larger ZC for flexor muscles

when compared to extensors. This may be indicative of the set position of the hand

during rest being in partial flexion.

Inter-participant variation of ZC, where certain participants exhibit noticeable dif-

ferences compared to others, is a possible indicator of cross-talk and is observed to

correlate with muscularity. ZC feature extraction yielded results that were different

between participants with similar SSC muscle hierarchy.

Figures 3.22 to 3.27 are in a normalised state. Doing so allows a fair baseline comparison

between participants, muscles and tasks. Suggested protocols for acquiring reference

forearm sEMG signals (i.e., MVC) indicate a resistive approach is to be used. This

study found participant-specific MVC values to be on average four times higher than
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Figure 3.27: Normalised WL feature of the flexor digitorum superficialis sEMG signal for

cylindrical grasp.

peaks located in each iteration, which is supported by the literature [5].

Table 3.4 shows the dominant active muscle/muscles during the investigated grasps

that fall within the scope of the six muscles investigated in this dissertation. This is based

solely on RMS measurements and gives a good indication of the main muscle/muscles

responsible for each grasp. Demonstrated in Table 3.4 are the key target muscles, which

are namely the extensor digitorum and extensor pollicis longus.

Table 3.4: Dominant muscle/muscles with corresponding MVC.

Grasp Type Dominant Muscle or Muscles
Dominant Muscle

MVC (mV)

3 Jaw Chuck Pinch Extensor digitorum and extensor pollicis longus 3.35 and 1.98

Cylindrical Grasp Extensor digitorum and flexor pollicis longus 3.35 and 1.49

Hook Grasp Flexor carpi ulnaris and extensor pollicis longus 1.16 and 1.98

Lateral Pinch Flexor carpi ulnaris and extensor digitorum 1.16 and 3.35

Rest Extensor pollicis longus 1.98

Spherical Grasp Extensor digitorum and extensor pollicis longus 3.35 and 1.98

Tip Pinch Extensor digitorum and extensor pollicis longus 3.35 and 1.98

The output produced from feature extraction was trimmed to a 6s region, as outlined

in Step 4 of Section 3.3.3. This is done to enable the allocation of classification labels

associated with the various grasps. The trimming process is subject to mislabelling as

the participants may have started the grasp late or terminated early, in turn, adversely

affecting the performance of the classifier. Methods for segmenting the regions of an

sEMG signal exist and typically involve SSC or ZC [74].

These segmentation methods were, however, not explored; rather, a 0.5s trimming

tolerance was instituted. This effectively reduced the mislabelling associated with the

late start or early termination and resulted in a 5s region, defining the specific grasp, as

shown in Figure 3.28. Each 5s region was labelled with the corresponding grasp, thereby

comprising the input-output matrix of features and labels used to train the classifier.

To further clarify, the segmentation of data was not implemented on the raw sEMG

signal; but rather on the features that were extracted, hence the MAV feature portrayed

in Figure 3.23. The segment shown in Figure 3.28 effectively is retrieved from Figure 3.22.
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Figure 3.28: Trimmed and normalised RMS feature of the flexor digitorum superficialis sEMG

signal for cylindrical grasp.

3.4.4 Grasp recognition models

GR is based on the identification of inputs, in this case, a feature matrix. In order to

accomplish this, a model is trained using a governing algorithm that takes into account

the ”dead truth” (i.e. the labelled outputs) and attempts to learn the underlying patterns

not readily apparent. The input feature matrix stems from the feature extraction process

and results in a matrix with 147000 data point (rows) and 36 features (six features by

six muscles, columns). The outputs consist of either a 147000 (rows) by seven (columns)

matrix, for the common classifiers, or 147000 (rows) by one (column) vector, for the

BPANN classifier. This difference bears no significance and is simply due to the default

data structures MATLAB requires.

To compare the effectiveness and optimise the deep BPANN classifier a range of

other common classifiers are trained with the same input features and dead truths. The

results from these analyses are presented in the following two sections, where the first

considers common classifiers and the second a deep BPANN classifier.

In both sections, the real-time application potential is explored and the system

performance evaluated against performance specifications reported on in Section 2.1.1.

All models presented are substantiated with accuracies falling within the ranges found

in literature (refer to Table 3.2). Feature reduction was not considered but may prove

useful in future studies, and if explored, may result in a shorter computing time and

faster training convergence.

3.4.4.1 Classification learner models

The classification learner models presented are developed using the MATLAB framework

previously shown in 3.11. These models cover a large majority of common classifier

models, each demonstrating different working principles. Additionally, the performance

of each model is explored using a host of metrics. Notably, the newly discovered inade-

quacy of Cohen’s Kappa is substantiated, and confusion matrices and ROC plots are

presented and analysed. The performance of the best classifier in this section is used

as the goal for the deep BPANN classifier. The performance related to the training of
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coarse, medium and fine DTs, linear and quadratic DAs, linear, quadratic and cubic

SVMs and coarse, medium and fine KNNs are presented in Table 3.5.

With an average accuracy of 83.63%, SVMs prove to be better at classifying than

the other classifiers considered. This feature is, however, lessened when considering both

the time required to train and the observation speed attained by the classifier. The

training time seems to suggest that a powerful processing system is required which does

not lend well to embedded applications such as GR using sEMG signals.

Taking the longest to train, the cubic SVM performs the best with an accuracy

of 90.01%, which is confirmed in literature [74]. Moreover, investigating the accuracy

difference between the linear, quadratic and cubic SVM models raises an interesting

conclusion. A quadratic hyperplane sufficiently maximizes the margin of the hyperdi-

mensional representation of the input feature matrix into distinct classes.

Following in classifier ranking are KNN classifiers, which are the second-best with

an average accuracy of 79.35%. Also, the combined training time is the second largest,

and the observation speed proves to be inadequate. This is because of the sampling

speed of the acquired sEMG signals exceeds the maximum observation speed, which

if implemented, would cause signal loss or lag (if buffered). Since KNN classifiers are

non-parametric, they are computationally expensive, requiring the storage of training

data. This is an added disadvantage hindering a KNN classifier from being used in

sEMG GR.

A common phenomenon is observed between the KKN classifiers, that is a finer classifier

(k=1; one neighbour). This results in overfitting, a rough classification plane and

ultimately poor accuracy. On the other hand, a coarse KNN classifier (k=100) is smooth

and underfits the data, resulting in the medium KNN classifier (k=10) being superior.

With an average accuracy of 70%, the DA classifiers are third in performance among

the four investigated classifiers and exhibit larger observation speeds and fast training

times. A noticeable difference in accuracy between the linear and quadratic DA clas-

sifiers suggest the input feature data cannot be acceptably described using a singular

covariance matrix, but rather a covariance matrix for each class is needed. In addition,

DA classifiers assume the feature data follows a Gaussian distribution. This is a valid

assumption; however, the small number of participants involved in this study does not

provide an adequate sample size, which possibly accounts for the less than satisfactory

accuracy. With the worst average accuracy of 57.41%, DT classifiers are ill-suited for

GR and would result in an unreliable RPH. The fact that these classifiers have short

training times means that if the accuracy is improved upon, it would be possible to

develop RPHs that are uniquely calibrated rapidly. Also, the combined observation

speed is the highest for this classifier and would suit computationally weak processing

systems. Considered next is the F1 score and MCC for the classifiers, which is derived

from Equations 3.1.14 and 3.1.15.

The F1 score heightens the influence of false positives and false negatives and gives a

slightly more pessimistic outcome than accuracy, in turn striking a balance between

precision and recall. From the results in Table 3.5, the F1 score is highly correlated with

accuracy and the MCC, and correspondingly the highest for the cubic SVM classifier.

Inconsequentially, the MCC is also the highest for the cubic SVM classifier. The MCC

considers a proportion of the four categories (TN ,TP ,FN and FP ) of the confusion
matrix and is, therefore a better measure for unbalanced data. The agreement between
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F1 score, accuracy and MCC is indicative of a balanced feature data set.

The astonishing newly discovered inadequacy of Cohen’s Kappa as a performance

measure for multi-class classifiers presented by Delgado and Tibau is substantiated

in this dissertation. This is clearly visible as the Cohen Kappa performance measure

behaved randomly. Therefore, the performance measure was not further considered, and

its meaning disregarded. Graphical representations of the performances for classifiers

will be focused on next.

A confusion matrix is an important performance measure frequently used in the

assessment of a classifier. Apart from being easy to understand, it gives valuable in-

formation and quantifies the number of misclassifications among classes. Figures 3.29a

to 3.29d show the confusion matrices associated with the best classifier architectures

from the GR classifiers investigated. Two significant regions exist within each confusion

matrix, that is the lead diagonal (green) and the off-diagonal (red). Where the former

represents the correct classifier predictions and the latter the misclassifications (incorrect

predictions). These regions provide vital information on pitfalls for the classifier/s they

represent.

Table 3.5: Performance of classification models.

Model
Accuracy

(%)
Kappa F1 Score MCC

Observa-

tion Speed

(Obs/s)

Training

Time (s)

Coarse DT 43.23 0.5686 0.3459 0.3232 340000 14.42

Medium DT 60.27 0.3835 0.5942 0.5409 370000 14.71

Fine DT 68.73 0.2178 0.6857 0.6342 590000 23.39

LDA 66.95 0.2591 0.6677 0.6134 160000 11.72

Quadratic DA 73.04 0.0474 0.7424 0.7066 210000 7.55

Linear SVM 72.79 0.1000 0.7261 0.6818 57000 2515.70

Quadratic

SVM

88.10 0.5685 0.8941 0.8767 3600 5133.9

Cubic SVM 90.01 0.7984 0.9106 0.9053 4100 8492.6

Coarse KNN 80.94 0.2636 0.8085 0.7900 690 691.45

Medium KNN 81.43 0.4185 0.8132 0.8051 710 731.86

Fine KNN 75.68 0.2096 0.7487 0.7412 690 698.69

Moreover, the number in each block illustrates the number of observations said to take

place between the target and output class. The total of these observations equates to

the 147000 data points previously discussed. However, due to the uniformly selected

holdout validation of 25% d (see Section 3.3.4), a fraction of the observations are not

depicted and kept aside for validation purposes.

More importantly, the confusion matrices indicate the worst and best-classified

classes. The best-classified class is unanimously class five, which is rest and is substanti-

ated with the low off-diagonal observations. This is expected since the sEMG signals

associated with rest are minimal, across all muscles, in comparison to the other grasps,

therefore easily discernible. An interesting point gathered from the worst-classified class,

or rather class pair, apparent in all the confusion matrices, is a discovered confusion

between 3 jaw chuck grasp and tip pinch. This is evident considering the intersections

of classes one and seven, which account for the largest misclassifications.

Taking a step back to the root cause of this, it is obvious that the grasps are similar

and therefore require similar muscle actions. It is therefore suggested that future studies
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considering both grasps, consolidate efforts to only one grasp seeing as the grasps are

seemingly coupled in origin. The classes referred to in the confusion matrices are se-

quentially 3 jaw chuck pinch, cylindrical grasp, hook grasp, lateral pinch, rest, spherical

grasp and tip pinch.

(a) Fine DT. (b) Quadratic DA.

(c) Cubic SVM. (d) Fine KNN

Figure 3.29: Optimum threshold confusion matrices of the best performing classifiers.

Typically an analytic tool used in medical studies but finding significance in machine

learning, the ROC plot visually presents the trade-off between specificity and sensitivity.

These two components are inversely related, thus making a ROC plot a valuable graphical

means for locating the optimum threshold. Examples of ROCs are shown in Figures

3.30a and 3.30b. From these figures, a similar sentiment shared with the confusion

matrices is observed.

A ROC plot is useful in that it helps rank the performance of each class visually,

where a poor performing class classification results in a lower AUC. Extending this

concept to Figure 3.30a, the ranking of class classification performance (i.e., from worst

to best) starts with class 1, followed by class 7, 2, 6, 4, 3 and 5 in that order. Note

that the class representations are that same as previously mentioned concerning the

confusion matrices, and remains constant throughout this chapter. For Figure 3.30b, the
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ranking remains the same. To justify the ranking in these figures, it is crucial to first

distinguish between good and bad ROC plot results. The 45◦diagonal is equivalent to

random classification while a right-angle located in the top left corner represents perfect

classification. A middle ground with type I and II errors, between these two extremes is

what is seen in both figures.

The ROCs for each class shown in the figures are different from those commonly

expressed, by way of only consisting of two lines. This is because the optimum threshold

was selected before plotting the ROCs. One method used to determine the optimum

threshold is Youdens distance; however, a different feasibility method was used. It relies

on calculating a cost slope, shown in Equation 3.4.1, and sliding it from the top left

corner down until it intersects the ROC plot. This point denotes the best theoretical

trade-off between specificity and sensitivity.

S =
P (Cost(P |N)− Cost(N |N))

N(Cost(N |P )− Cost(P |P ))
(3.4.1)

Equation 3.4.1 defines the slope of the line used to find the optimum threshold,

where P and N represent the positive and negative classes. Furthermore,P = TP + FN
and N = TN + FP . Where TP , FN , TN and FP is as stated in Section 3.1.4. It is

worth noting, the confusion matrices shown in Figures 3.29a to 3.29d are developed for

the optimum threshold case.

(a) SVM ROC plot. (b) KNN ROC plot.

Figure 3.30: Optimum threshold ROC plots of the best performing classifiers.

In summary, the cubic SVM exhibited the best overall performance among the non-NN

based classifiers investigated. This was further substantiated by considering the accuracy,

F1 score, MCC, confusion matrix and ROC plot. This classifier is well-suited as a GR

classifier and is shown in literature to be effective in doing so [74].

Henceforth, although being trained in parallel with the BPANN classifier, the ac-

curacy was also used as a baseline for the NN-based classifier to improve upon. The

SVM classifier is notoriously computational demanding during training, thus presenting

a weak case for unique participant-specific classifiers. This issue, however, does not

translate further, making the SVM classifier suitable for real-time applications provided
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the classifier is already developed.

3.4.4.2 Neural network model

The deep BPANN classifier proposed is developed using the MATLAB framework previ-

ously shown in Figure 3.12. Two trial regimes are presented, one for a shallow BPANN

and the other for a deep BPANN. For large datasets, a representative sample is typically

used, but due to the relatively short training times observed, the trials were trained

using the complete dataset.

Accuracy and NMSE were the only two performance specifications used in the

selection of the best NN architecture to explore further. This was done to reduce

computation time, particularly for the deep NN trials, and was found to be acceptable

when considering the directly proportional relationship between F1 score, MCC and

classification accuracy presented in 3.5. The results substantiate the indeterminate rela-

tionship between NN architecture and performance. The accuracy of the best classifier

in Section 3.4.4.1, which is 90.01%, is used as the goal for the deep BPANN classifier.

The first trial regime includes a single layer BPANN classifier, representing a shallow

NN, which is a universal approximator and is trained using the SCG algorithm. In

each trial, the number of hidden neurons is incrementally set, maxing out at the search

limit of 50 neurons. This limit follows a rule-of-thumb which states that the number

of hidden neurons in each layer must be less than double the number of inputs [75].

Doing this ensures that the trained BPANN will be less prone to overfitting, however

complimentary literature seems to suggest a far higher limit is possible [61], but may

not necessarily yield better performance.

An example of this is shown in Figure 3.31, where the accuracy seems to plateau

around the upper 70% as the number of neurons in the hidden layer increase. Addi-

tionally, in Figure 3.31, the latter fluctuation of accuracy with the number of hidden

neurons validates the indeterminate and highly problem-specific relationship between

the BPANN classifier accuracy and architecture. This is substantiated further by the

sudden dip in accuracy observed at 44 neurons. That being said, the indeterminance is

only predominant in excess of 20 neurons. Therefore, initially, the accuracy is found

to increase with increasing hidden neurons and follows a family of curves of the form

f(x) = 1− e−kx.

In summary, increasing the number of hidden neurons yields better accuracy up

to a point, after which very little change is observed. The maximum classification

accuracy occurred at 41 neurons and is pointed out in Figure 3.31. Moreover, keeping

the hyper-parameters constant in a set or default state allowed adequate comparison

between trials with different neurons. This includes fixing the number of training epochs

to 200 and retaining a train, validate and test ratio of 70, 15 and 15 with interleaved

indices. Also, the initial weights and biases were set to a non-zero value to remove bias

that could emanate from random starting conditions.

Comparatively, the accuracies achieved by the shallow BPANN classifiers, after

minimal training, were similar to that of KNN classifiers and outperformed DT and DA

classifiers. Both the quadratic and cubic SVM classifiers produced far greater accuracy

than the shallow BPANN classifiers. This, however, does not assert dominance of the

SVM classifiers over the BPANN classifiers since the slow convergence properties of the

SCG training algorithm may result in significant performance improvement with an
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increase in the number of training epochs.

Figure 3.31: Single hidden-layer NN trials accuracy.

Complimentary to Figure 3.31, the detailed accounts of ten partly random selected

trials, of the 50 available, are given in Table 3.6. From Table 3.6, it is noted that nine

neurons, which is equivalent to a quarter of the number of inputs, produce an accuracy

of less than 10% shy of the maximum accuracy. This indicates the possibility for a few

neurons to constitute an acceptable classifier architecture.

In addition, the NMSE was found to scale accordingly with the accuracy of the

classifier and was used as the cost function for the SCG algorithm, upon which the

performance of successive epochs was improved by decreasing the residual. The training

time was observed to increase with the number of neurons. It should be noted that

this is not entirely true as changes in the processing requirements of behind the scenes

operations, i.e., those attributed to the operating system, resulted in outliers which are

observed for the 21 and 41 neuron trials in Table 3.6.

A startling observation from Table 3.6, is the accuracy achieved for the case of a

single tan-sig hidden neuron. Coupled with the effect of the output Re-LU neurons, the

higher than expected accuracy suggests low-order non-linear separable classes which

echoes the sentiments expressed in Table 3.6.

Table 3.6: Shallow BPANN NN trials; 200 epochs and SCG training algorithm.

No. of Hidden

Neurons
Accuracy (%) NMSE

Training Time

(s)

[1] 42.6560 0.0919 18.3751

[4] 65.1367 0.0635 23.3666

[9] 70.1422 0.0532 29.0127

[15] 74.5926 0.0521 34.0290

[21] 75.6731 0.0425 65.9060

[28] 77.0714 0.0512 51.6455

[35] 78.6864 0.0453 58.7226

[41] 79.4741 0.0506 56.9615

[44] 68.1272 0.0670 61.9738

[50] 77.6993 0.0438 68.5838

The second trial regime comprises a double hidden-layer BPANN classifier, representing

a deep NN trained using the SCG algorithm. In each of the 2500 trials, the hidden
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neurons in the first layer were incrementally set. After which the hidden neurons in the

second layer were subsequently set. This is to say, with each iteration of the first layer,

there are 50 corresponding iterations of the second layer. The limit of 50 neurons again

follows the rule-of-thumb previously stated.

A surface plot of the accuracies associated with the different first and second layer

neurons is shown in Figure 3.32 and resembles a tablecloth surface with the furthermost

overhangs trimmed. The accuracy again seems to plateau around the upper 70% as the

number of neurons in the hidden layers increases. Also, the fluctuation of accuracy or

rather unevenness of the observed plateau, again suggests the indeterminate and highly

problem-specific relationship mentioned. Drawing to a point, increasing the number of

hidden layer neurons yields better-expected accuracy, which is substantiated through

the consideration of the colour-map alongside Figure 3.32.

The maximum observed accuracy occurred at 40 first and 42 second layer neurons and

is pointed out in Figure 3.32. The hyper-parameters were kept constant and mirrored the

states of the previous single-layer trial regime. The accuracies achieved by the best deep

BPANN classifiers on average exceeded the shallow BPANN classifiers and therefore

remains similar to that of KNN classifiers and outperforms the DT and DA classifiers.

Furthermore, the quadratic and cubic SVM classifiers still yield better accuracies than

the deep BPANN classifier. The slight improvement in accuracy of the deep BPANN

over the shallow BPANN, alone, does not constitute adoption of the model, especially

when considering the drawback of additional computation time. On the contrary, deep

NNs have been shown to possess superior performance, most notably in cases where GR

involves multiple DoFs [75].

In light of this potential, the slightly increased accuracy and the fact that the SCG

training algorithm is yet to converge on an optimal classifier, a deep BPANN classifier

solution was adopted as the final classifier model. The prior statement made, asserting

the performance and computation time dominance of the SCG training algorithm, relat-

ing to classifiers, is substantiated by noting that the dataset is large and that pattern

recognition generally operates in the saturated region. Therefore go-to algorithms such

as LM will typically take longer to compute and struggle to converge. Reiterating, the

GR classifier chosen for further training and optimisation, through hyper-parameter

tuning, comprises two-layers with the number of neurons in each layer set to those found

to yield the best accuracy, that is 40 and 42.

Figure 3.32: Double hidden-layer NN trials accuracy.
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In addition to Figure 3.32, the detailed accounts of ten partly random selected trials of

the 2500 available, are given in Table 3.7. Two interesting entries in Table 3.7 includes

that of {1,39},{40, 42}. Where for instance entry {x, y} would indicate that x represents
the number of first layer neurons and y the number of second layer neurons. These
entries ({1, 39} and {40, 42}) represent the classifier architectures that had the worst

and best accuracies respectively.

The poor accuracy of the {1,39} entry, though containing a sizeable number of

neurons, may be explained by the training process reaching a validation or stopping

criteria. This, however, is not a likely suspect for poor performance, but rather it may be

due to the incompatibility of the two layers for the given dataset and specified problem.

Converse to this is the 40,42 entry. It is unique in that it is generally expected that the

number of neurons in the superseding layers be less than the previous layer. This idea

is apparent when considering a two-layer NN. Explaining this statement, the number

of neurons in the first layer may be thought of as being equivalent to the number of

linear surfaces used to separate the classes whilst the number of neurons in the second

layer is equivalent to the cusps linking the linear surfaces, which are the turning points.

As previously established, the {40,42} BPANN configuration performs the best which

may result from the complimentary number of neurons in each layer linking with the

features learned throughout the levels of abstraction. The NMSEs shown in Table 3.7

were similarly found to scale accordingly with the accuracy of the classifier. Likewise,

the training time was found to increase, though irregularities were observed, which may

prescribe the same cause as stated for Table 3.7.

Table 3.7: Deep BPANN NN trials; 200 epochs and scg training algorithm.

No. of Hidden

Neurons
Accuracy (%) NMSE

Training Time

(s)

[1,1] 39.3701 0.0934 19.8822

[1,39] 24.2388 0.1040 43.6044

[6,4] 64.7041 0.0674 30.8187

[15,16] 73.2680 0.0534 46.9539

[23,35] 76.5537 0.0496 70.8444

[26,8] 74.5878 0.0509 39.1433

[35,19] 75.0735 0.0495 79.7534

[40,42] 82.9601 0.0391 107.8979

[46,21] 77.4190 0.0459 91.3682

[50,50] 79.1048 0.0434 127.4806

Following the NN trial regimes conducted, a deep BPANN classifier with 40 first and

42 second layer neurons was further trained using the SCG algorithm and optimally

tuned. The hyper-parameters established in the shallow NN trial regime were used here

and kept constant during training, but the number of training epochs was increased to

15000, and an NMSE goal of 0.008 was set. The goal was found to be in-line with or

exceeding the performance of similar classifiers published in literature [75]. Prior to

training, the weights and biases were initialised using the Nguyen-Widrow initialisation

function and training commenced.

The deep BPANN classifier completed the 15000 training epochs in a time of 7484s,

with an NMSE of 0.0095. After which, it was observed that the accuracies relating to

the training, validation and testing sets were respectively in the ratios of 70, 15 and 15

to the whole dataset. This exceeded the accuracies that were achieved by the cubic SVM
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classifier and amounted to 90.81%. Furthermore, the accuracies differed among sets by

less than 0.2%, indicating the possibility for further training without risk of overfitting.

Hence, the deep BPANN classifier was iteratively further trained by capturing the

weights and biases after each training iteration and initialising the NN with these

parameters upon each further training iteration. As a result, the deep BPANN classifier

was trained for a further 5000 epochs before it was decided that overfitting was becoming

more predominant in the classifier. This was visually verifiable when observing the

accuracies of the sets as they deviated further apart, meaning that the training accuracy

improved as the validation and test accuracies decreased or remained equivalent. Fol-

lowing this, a trial-and-error-based hyper-parameter search was conducted, yielding a

resultant BPANN GR classifier accuracy of 92.34% with an NMSE of 0.0082, outperform-

ing ANFIS [74], BPANN with LM training algorithm [76], FIS [75], SVM [49] and error

backpropagation NN [75] classifiers. In addition, the remarkable performance was found

to lie within the top tier of GR classifiers [77]. Although having implemented a manual

stopping criteria for training in this dissertation, other techniques exist with the sole

purpose of preventing overfitting. These techniques include L1 and L2 regularisation,

which is, in essence, regularisation with an added coefficient.

Shifting focus to the architecture of the deep BPANN classifier, illustrated in Figure

3.33. The total number of weights equate to 3503 and is computed using Equation 3.4.2,

where Nw is the number of weights, I is the number of inputs, H1 and H2 the number of
neurons in the first and second hidden layers respectively and O is the number of outputs.

Nw = (I + 1)×H1 + (H1 + 1)×H2 + (H2 + 1)×O (3.4.2)

In light of this, it is obvious that any number of weight possibilities could produce an

acceptable deep BPANN classifier. Subsequently, it could be said that this happens

to be the premise behind the wide success of NN-based classifiers as a unique solution

almost certainly exists.

In Figure 3.33, an important aspect which may go unnoticed is the output softmax

layer. In non-classifier NNs, this layer is typically replaced with ReLU activation func-

tions; however, for classifiers, a softmax, probabilistic, activation function is favoured,

outputting a probability value between zero and one. In Figure 3.33, it is shown that

each layer has a corresponding bias node, which serves to prevent zero-based training

stagnation.

Figure 3.33: Double hidden-layer BPANN architecture.

The evaluation of the resultant deep BPANN classifier includes taking a look at the

confusion matrix and ROC plot and comparing the findings with those discussed
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in Section 3.4.4.1. Firstly, the confusion matrix shown in Figure 3.34a follows a

similar composition to those depicted in Figures 3.29a through 3.29d. That is diagonal

dominance with the same class structure. Also, the resultant BPANN confusion matrix

has characteristics similar to those extracted from the classification learner confusion

matrices.

This includes the best classification class (i.e., class 5), as well as the coupled-confusion

among classes 1 and 7. As elaborated on in previous paragraphs, rest produced steady,

predictable sEMG data that was trivial to separate with even the most basic linear

hyperplane. On the other hand, due to similarities in movement and the muscles used,

classes 1 and 7 remained the largest contributors of misclassifications, echoing the

findings extracted from the classification learner models.

Not readily apparent in the confusion matrices shown earlier, a similar class pair

producing considerable misclassification was that of classes 2 and 6, which represent

cylindrical and spherical grasps. Scrutinizing the intersection of both classes results in

the understanding that the class pair accounts for the second most confused pair, where

the cause may be likened to that of class 1 and 7 confusion. In other words, cylindrical

grasp is actuated by muscles similar to those of spherical grasp, which is coherent with

the understanding that both prehensile motions are in effect power grasps.

Unlike the holdout validation applied to the classification learner models, the set

ratios meant that the deep BPANN classifier was trained on 102900 samples while being

validated and tested with 22050 samples. This resulted in confusion matrices with

different total observations; however, in Figure 3.34a, the combined confusion matrix is

shown.

In comparison with the cubic SVM classifier, the deep BPANN classifier outperformed

it in every class except class 5, where it trailed by a meagre 0.1%. Secondly, with an

AUC of close to unity, the ROC plot shown in Figure 3.34b, illustrates the deep BPANN

classifiers ability to discern between the various classes adequately. Moreover, the

ordering of the classes, from worst classified to best, starts with class 1, followed by

class 7, 2, 6, 3, 4, and this concludes with class 5. The order of the classes reiterates the

conclusions drawn with regards to the confused class pairs, i.e. the four worst classified

classes.

The ROC plot shown in Figure 3.34b, is what one imagines when envisioning a ROC plot

since it is unaltered in contrast to Figures 3.29a and 3.29d. Suffice to say, no optimum

threshold was applied; hence a smooth and symmetrical about the x = y-axis curve
is depicted for each class. The symmetry is a direct result of the overlap created by

the TN and FN curves and may be thought of as the intersection between two events

in a Venn diagram. Due to the presence of an intersection between the two classes,

they cannot be considered as mutually exclusive. In addition, the smooth nature of the

curve is a direct reflection of the multitude of thresholds tested between zero and one,

which lowers discretisation errors and grants access to an informed trade-off between

specificity and sensitivity. As a point of clarification, choosing a different threshold will

not influence the confusion matrix in any way, but rather is tailored to the foremost

purpose of the classifier.

Figure 3.34b clearly shows a noticeable AUC improvement over a wide range of

thresholds when compared to the SVM classifiers ROC plot developed earlier. This then

justifies the potential and feasibility of using NN-based classifiers. Evidence in support

of this may be found when investigating the following two studies [77]. Other non-visual

performance measures include F1 score, MCC and observation speed, which were calcu-
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(a) Confusion matrix. (b) ROC plot.

Figure 3.34: Proposed deep BPANN classifier performance.

lated to be 0.9295, 0.9239 and 270000, respectively. Thus, through the comparison of

performance parameters, it is apparent that the BPANN GR classifier is superior to

previous classifiers expressed in this dissertation and correlates with literature while

showing the most capacity for success.

Next, the deep BPANN GR classifier output and its implication in a real-time RPH

system environment are expanded. To do this, a framework needs to be established

around what the output is and how to decode it into something meaningful. Starting

with the classifier’s output, which is shown in Figure 3.35, it is easy to get lost at first

glance. However, before defining Figure 3.35, it is important to note that it is based

in a Simulink environment, under real-time conditions where the input is the same

participant sequential training, validation and testing data previously used. In addition,

the discrete time-step-size is in-line with the sliding window duration of 80ms; thus, a

total running time of 11760s is expected.

In simple terms, Figure 3.35 shows the softmax-based probability level associated

with each of the outputs for any given input. For example, consider the output bounded

within the region 1344s to 1680s. This region reflects the output of the deep BPANN

GR classifier with muscle features, corresponding to rest. As observed the probability

level is highest for class 5, which accurately indicates the prediction of rest, whilst the

probability level for the other classes proportionally remains negligible. The minimal

fluctuation present from the other classes is interpreted as first-rate class separability

and was discussed in Section 3.4.4.1 in relation with the confusion matrices.

Using this same method of analysis, the confusion present between classes 1 and 7

may be viewed under a transient lens. An example of which may be seen contained

within the region 7056s to 7392s, i.e. the output of the third participant. Bearing in

mind the visual cues for successful and unsuccessful classifications, a basic criterion

may be formulated to distinguish good performing classes from poor performing classes,

namely, with Figure 3.35 as a reference, the more chaotic the plot, the worse the perfor-

mance. This criterion is relative and therefore depends on the application and impact

misclassifications may have on the overall system.

Furthermore, an important outcome emanating from the analysis of Figure 3.35 was
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the visually selected threshold. Set at a probability level of 0.4, the threshold could have

been more precisely estimated using a least-squares approach, maximising the distance

between the threshold, highest class and second-highest class over the entire dataset.

This approach was not implemented as later post-processing steps deemed it unnecessary

to do so. The principle behind the chosen threshold, in summary, ensures that for

a given input, the output reflects the designated class whose probability level is above 0.4.

In the case where multiple classes exceed confidence levels of 0.4 for a given input, the

classification is deemed a confusion, and a do-nothing action is taken which is herewith

referred to as class 8 (no-class). Likewise, a similar stance is taken when no class exceeds

a probability level of 0.4.

Noting the information presented in Figure 3.35, it is obvious that a form of filtering

will reduce the rapid fluctuation tendency of the output and thus make the output

more stable and determinant. Similar to the effect produced by low-pass filters, a

moving average performed signal smoothing and was therefore subsequently used as a

method to alleviate some of the fluctuations categorised as misclassifications. Despite

this, the method of signal smoothing, institutes system lag equivalent to the buffer size.

Therefore, the buffer size was kept to a minimal 80ms at the expense of not entirely

removing high-frequency fluctuations and is discussed in Section 3.4.5.

The disturbance rejection properties of the BPANN is inherent through the type

and quality of data used to train the BPANN classifier. Thus, by the same token,

any individual data outlier recorded or mislabelled input, when incorporated in small

quantities, serves to strengthen the disturbance rejection, robustness and generalising

capabilities of the classifier.

Figure 3.35: Proposed deep BPANN class confidence output.

3.4.5 Post-processed classifications

Processing of the BPANN classifiers output via the threshold method and moving

average leads to the one-dimensional categorical output shown in Figure 3.36. From

this, a conditional statement may be utilised to enforce different prehensile movements,

using changing joint set-points. Seeing as Figure 3.36 reflects the output before post-

processing, it is necessary to delve into the issues apparent and commend the progress
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made thus far. To do this, Figure 3.36 is analysed, starting with the structure which

resembles a staircase; which is simply a product of the order in which the data was

given to the classifier. Moreover, the repetition of the staircase-like structure occurs for

each participant. At this stage, it is crucial to note that had the BPANN classifiers

output not been a softmax layer, and additional layers were added to the NN (to deepen

the network) the pattern in which the inputs were being added would have been learnt.

Therefore, rendering the classifier ineffective in cases where the classes were in a different

order.

Seeing as this is not the case with the developed BPANN classifier, the generalising

capabilities must therefore be appreciated. As seen in Figure 3.36, there remain spikes

in the plot. These anomalies transpire as a result of the classifiers misclassification of

classes, but occurs far less frequently, with a smaller duration, than if no threshold or

moving average was used. Also, as a by-product, the implementation of the do-nothing

class 8 renders the effects of misclassified instances harmless to the structural integrity

of the RPH system. However, it adversely impacts its functionality by returning to a

rest RPH position.

This, as one could imagine, poses a problem during the action of grasping. As a

remedy, the do-nothing state should instead mimic the last known validated grasp, yet

this would be too computationally expensive to keep track off. Also, this, there remains

class pair confusion, an example of which may be seen at 4032s. The moving average

resultant lag, illustrated in Figure 3.36 through the classification trailing the target

appears to be non-uniform. Suggesting that perhaps the combination of buffer size and

threshold leads to sluggish transitions between certain classes.

Figure 3.36: Threshold-based class interpretation of BPANN classifier output.

Following on the issues brought to attention with regards to the output classifications,

the post-processing took a minimalistic approach. Though being simplistic in imple-

mentation, the post-processing procedure had a profound impact in achieving a final

GR model classification accuracy of 98.83%. Although having achieved this accuracy,

it should be noted (using Figure 3.37 as a reference) that 100% accuracy is reflective

of the model, since the output is not misclassified but rather delayed. This important

distinction may physically be interpreted as the RPH correctly performing the envisaged

grasps, but being slightly delayed in doing so.
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Figure 3.37: Median filtering of threshold-based class interpretation.

Quantification of the lag or delay shows the output classification trailing the target

classification in some instances by at most 0.35s. After considering the average move-

ment reaction time resulting from visual stimuli, which amounts to 300ms [78], it is

concluded that the introduction of lag has negligible affects on the overall function of

the RPH. A rather important factor inherently minimised through the post-processing

of the classifier’s output is that of jerk. That is because the post-processing method

implemented in the Simulink environment, which involved the use of a median filter

with a window length of 251 samples, flattened any spikes among classes.

Figure 3.37 serves as an image of the final output from the sEMG GR model and fed

into latter processes which delegate the movement of the RPH. In parallel with reducing

the number of misclassifications, the median filter helps to attenuate noise components

from corrupting the output.

3.4.6 Simulink model

The Simulink GR model, at its core, consists of a deep BPANN classifier, which was

generated by using the gensim command on the trained NN object. In doing so, the

fundamental structure of a two-layer BPANN, like that shown in Figure 3.4, was created

in block form and the relevant weights and biases integrated as constants with the

commands getwb and setwb. After exporting the model, the linkages joining the various

layers were realised. The details surrounding the inner workings of the deep BPANN

classifier were attended to at a later stage.

For now, however, the mask represents the BPANN classifier and is depicted in

Figure 3.38 as grasp pattern recognition NN. Shifting focus to the input of the BPANN,

a from workspace block is used to import the extracted feature dataset. Instead of

acquiring the extracted features through an off-line process, the mathematical com-

putations and data manipulations owing to the extracted features may have been

computed on-line. Thus, the only necessary input would have been the raw sEMG

data. This was not within the scope of this dissertation and was considered a small

extension that bared no influence on the results other than completing the data life-cycle.

Syncing the Simulink solver step-size with that of the inherited off-line data presented a

pitfall in the configuration that was foremost dealt with. Following this topic, the solver
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was set to automatic solver selection with a variable step-size and a maximum step-size

of 0.08s. Also, the simulation span was set to 11760s and the initialisation function,

found in the model properties, called a script which loaded the extracted feature inputs

located in a specific file directory. Apart from being the starting point of the sEMG GR

model, the extracted feature data also served as the input for the sEMG-force model

discussed in Chapter 3.

Moving on, the softmax output of the BPANN classifier is separated into various

streams, where each stream chronologically represents an individual grasp probability.

The separation was accomplished by demuxing the data vector. The separated signals

were smoothened by buffering 100 samples at a time and computing the mean, hence

effectively carrying out a moving average. Using these probability signals as inputs, an

embedded MATLAB script decoded and interpreted the output class using a threshold

and conditional IF-ELSE statements. As such, the output formerly shown in Figure

3.36, was supplied to the median filter for post-processing. Which ultimately yielded

the sEMG GR model output denoted in Figure 3.38.

Regarding the hierarchy of the RPH Simulink model, the sEMG GR and sEMG-force

models both work in parallel with one another, and relay set-points to the FLC. Though

it should be noted that the set-points from both these models may contradict one

another. Therefore resulting in a hierarchy or a cascade-like behaviour to be predefined

as part of the foundation for the FLC.

Figure 3.38: Simulink model of GR classifier.

Under the mask of the BPANN classifier block depicted in Figure 3.8b exists the detailed

inner workings shown in Figure 3.39a. Figure 3.39a presents three layers, where the

top two are hidden layers and the third the output layer. Each layer is linked via input

and output ports which should not be likened with synapses, as this is internal to each

layer mask. Removing the mask from each layer exposes the delay, bias, weight and

activation nodes. A key point observed in Figure 3.39a is the fact the classifier does not

contain any delays. Though not typical of classifiers to require delays, delays may be

added if the classification depends on past events. In relation to sEMG GR, the trend

anticipated, as it relates to the RPH grasp occurrences, is stochastic and should remain

as such; therefore, it is strictly advised not to implement any delays. In later sections,

the use of delays in NNs will be explained.
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(a) BPANN classifier (b) Moving avergare

smoothing

Figure 3.39: BPANN classifier and classification smoothing sub-systems

Also, in Figure 3.39a, the weight blocks (though resembling constant blocks) are in

actuality a complex web of constant linkages between the neurons in each layer. The bias

blocks are far simpler and are constant vectors. Prominent only within the top two layers

are a tan-sig activation function equivalent to the hyperbolic tangent. Consequently,

tan-sig activation functions are almost always used in conjunction with classifiers as

opposed to a log-sig activation function. At the crux, this is due to two factors, stability

over a wider range of inputs and non-positive definite applications.

The third layer incorporates the probability distribution softmax activation function.

The Simulink diagram shown in Figure 3.39b is the classification smoothing sub-system

and as previously described is a buffering block in series with a mean block.

3.5 Chapter Summary

In this Chapter, several grasp recognition methods were explored in order to classify

sEMG data obtained from a group of volunteers. This was necessitated through the

use of both hardware and software pattern recognition techniques. Grasp recognition

involved acquiring data from the prehensile movements of the human hand. The charac-

teristics of the acquired data were first analysed using Python and Matlab to eliminate

unwanted signals from being further processed. This was accomplished by manipulating

frequency-based characteristics to filter unwanted signals before full-wave rectification.

Using a combination of mathematical models from the Hudgins feature set and Matlab,

the features of the rectified signals were extracted for better class separability. Using

iterative training, the extracted features were mapped into different classes. This was

done by the training of different algorithms to learn the underlying patterns of a labelled

output of the extracted features. The results from the BPANN classifier were the most

effective, and this classifier was used to develop an effective GR classifier model using

Simulink.
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Chapter 4

Artificial Neural Network Grasp

Force Estimation Using

Multi-Channel Surface

Electromyographic Signals
Towards Bio-Inspired Grip Compensation of a Robotic

Prosthetic Hand

Estimating grasp force from sEMG is an active research topic, which is partially aimed

at improving the functional and dexterity capabilities of RPHs. By estimating the grasp

force, not only does it provide the prospective user with a greater range of control during

grasping, but when combined with haptic feedback devices, may provide a sense of

feeling and reduce the learning time required [79].

The sEMG-force relationship lacks consensus between researchers due to the influ-

ence of various factors such as the indirect nature of the non-invasive sEMG-based

approach used to deduce the muscle activity. To infer this relationship requires com-

plex accountability of these factors, which is still the subject of much research. Some

intrinsic conditions found to influence the relationship between grasp force and sEMG

include contributions from non-contractile structures, joint position and posture, and

fatigue-related hysteresis effects. Conversely, it is suggested that extrinsic conditions

such as temperature and sensor placement over time may also account for changes in

the registered Motor Unit Action Potentials (MUAPs).

This chapter builds on the isometric contractions (grasps) presented in Chapter 3

and proposes a feasible regression model that maps input sEMG signals to corresponding

force outputs. Many of the processes and concepts concerning sEMG are omitted from

this chapter as it has previously been addressed. Though much research has gone into de-

termining the relationship between grasp force and sEMG, there seems to be two schools

of thought split on whether the relationship is linear or curve-linear. Also, the degree of

non-linearity is relatively unexplored. Alternative to a parametric mathematical-based

approach, this dissertation considers several machine learning-based solutions. Thereby

broadening the non-linear solution space and accounting for a possible non-linear sEMG-

force relationship. The concepts developed may be extended to applications, such as

biokinetic rehabilitation, exoskeletons, virtual reality and ergonomics.
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4.1 Theory and Literature Review

The forearm muscles are primarily responsible for the manipulation of one’s fingers and

wrist. By using a combination of the 20 available forearm muscles, activities of daily

living such as writing, typing, grasping, eating, cleaning, lifting of objects, etc., are

made possible. These activities all require different levels of muscle contraction, which,

when analysed may be applied to RPH grip compensation.

To get a representation of the force exerted during muscle contraction, researchers

make use of a variety of external pressure and torque sensors, located at the joint or

end-point contact surface. These sensors are often bulky and restrictive, not allowing for

a conducive range of motion and ultimately leading to erroneous conclusions. Further-

more, little consideration is given to the influence these sensors may have on the wrist

and joint positions. Taking a less restrictive and indirect approach, Armstrong et al.,

[80] estimated grasp force using sEMG signals and linear regression. This marked the

start of extensive research in experimental modelling of the relationship between sEMG

amplitude and force. Other models rooted in parametric data are based on Hill’s muscle

model [81], which requires extensive participant-specific measurements and knowledge

on the dynamic and kinematic modelling of the joints.

Non-parametric regression techniques such as machine learning have produced promis-

ing results without the need for a priori knowledge. The approach for determining the

relationship between sEMG and force, given static isometric non-fatiguing contractions,

is similar to that of GR and is depicted in Figure 4.1. Here, the process follows data

acquisition, preprocessing, feature extraction and regression in both sEMG and force

aspects.

Figure 4.1: Force estimation from sEMG signals for use in an RPH.

4.1.1 sEMG-force data acquisition

Acquisition of sEMG and force data is a preliminary and important step in establishing a

non-parametric grasp force estimating model. Though both data streams are inherently

coupled, they are often acquired and processed separately. To effectively acquire sEMG-

force data, one first needs to understand the nature of the data. Thus, in this section,

the origin of force and how it relates to sEMG is foremost considered. Furthermore, the

two primary catalysts for force generation, namely MU recruitment and firing rate, are

introduced.

Data acquisition systems found in literature, including the types of sensors and

setup, are given with emphasis placed on force data acquisition (sEMG data acquisition

discussed in Section 3.1.1). Nevertheless, theory related to sEMG data acquisition is

included where new or differing concepts are introduced. The section concludes with the

consideration of some intrinsic and extrinsic factors which may affect data acquisition

and the subsequent sEMG-force model.
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4.1.1.1 Origin of force generation

The dynamics of skeletal muscles has intrigued many scientists over the years, resulting

in a significant amount of research. Arguably, the most impactful of these was given

by Duchenne [82], where the foundation of electrical conduction in the nervous system

was established. A comprehensive sEMG-force model hinges on the consideration of

the electrical conduction in the nervous system through examination of the anatomical

structures that relate the MU action potentials to various stages of muscle contraction.

Illustrated in Figure 4.2, by thinking of the desired action, for example, closing one’s

hand neural drive is increased and neurons in the brain fire, creating electrical impulses

in the process. These impulses then propagate through the central nervous system

(CNS) in the spine and collate in motor pools. Here α and γ motoneurons are present,
where α motoneurons form the beginning of MUs. Specifically, the stimulation of α

motoneurons is responsible for the voluntary contraction of skeletal muscles (extrafusal

muscle fibres); while the stimulation of γ motoneurons results in an involuntary response
to external forces via intrafusal muscle fibres [83]. In relation to the hand, motor pools

are predicted to be large, due to the low innervation ratio. In other words, for the

number of muscle fibres innervated by a single motor neuron [84]; a muscle fibre may

only be innervated by a single motor neuron.

Following the stimulation of α motoneurons, a neuro-transmitter is released, which
travels along motor neuron pathways to junctions on the fascicles (cluster of skeletal

muscle fibres). At the neuromuscular junctions (axon), an ionic chemical reaction

takes place which depolarises the muscles fibres and gives rise to Action Potentials

(APs). Which then extend down the terminal branches that innervate the muscles

fibres and terminate at the tendons. These APs then result in the contraction of

sarcomeres in the muscle fibres. The contraction occurs bi-axially via the process of

sliding filaments (actin and myosin overlapping and interlocking). It is this contraction

in the skeletal muscle, along with the interactions of various tendons, bones and joints

that results in the closing of one’s hand. When extended to grasping, the same princi-

ples apply; however, the amount of contraction varies to accommodate the required force.

Figure 4.2: A schematic representation of the origin of force in skeletal muscles [83]; Adapted

with permission.
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In Figure 4.2, it is shown that the firing rate expressed as the summed MU spikes,

directly impacts the generated force. Hence, the idea that recording the summation of

MUAPs through sEMG (multi-channel sEMG) may give insight into the cross-correlation

of MUs and the generated force, producing a definitive relationship. The frequency

of stimulation (firing rate) yields different muscle contraction states, such as muscle

twitch, wave summation, unfused tetanus and fused tetanus. In addition, the strength

of stimulation determines the proportion of MUs recruited, either synchronously or

asynchronously. In this dissertation, the isometric contraction of the forearm muscles

is expected to originate from fused tetanus stimulation and sub-maximal synchronous

motor unit recruitment.

The number of MUs vary across different skeletal muscles. Small muscles found in

the hand, have about 100 MUs, while larger muscles as those found in the leg, have in

excess of 1000 MUs [85]. The MUs may be categorised into two main classes, namely

slow-twitch and fast-twitch (type I and II), depending on the contraction velocity and

fatigability of the muscle fibres. Interestingly, MUs may change from one type to another

in cases of severe deconditioning or injury [86].

The muscles investigated in this dissertation are categorised, so that a general un-

derstanding of the acquired APs may be reached. The flexor digitorum superficialis is

reported to consist of a larger proportion of slow-twitch fibres (about 60%), most likely

to ensure that the intrinsic hand muscles flex the metacarpal (MP) joint before being

followed up with PIP joints when grasping an object [87]. The most predominant type

of muscle fibre found in the flexor carpi ulnaris has not yet been established. However,

the examination of monkeys reveals that different fibre types dominate on either side of

the central tendon (that is, type II fibres dominate the ulna head while the humeral

head is dominated by type I fibres) [88]. The same study also found that there was an

even dispersion of type I and type II fibres in the extensor carpi radialis longus. This

outcome was shared for the extensor digitorum [89]. No definitive research indicated

the dispersion of muscles fibres in the flexor and extensor pollicis longus. However, it

may be assumed that it is even and heterogeneous since the muscles do not act in an

anti-gravity muscle capacity [90].

4.1.1.2 Role of MU recruitment and firing rate in force gener-

ation

It is well-known that the recruitment and firing rate of MUs are highly correlated with

the output force of the muscle they innervate. For this reason, it is worth reviewing

within the context of this chapter.

The recruitment of MUs in principle centres around the size of the MU, directly

linked to the number of active MUs. This is known as the size principle and was

suggested by Henneman et al., [91]. In short, the size principle states that MUs with

small cell bodies are joined to muscle fibres which produce a slower response, lower force

output and are more resistant to fatigue (type I). Conversely, MUs with large cell bodies

are joined to muscle fibres which produce a faster response, higher force output and

are prone to fatigue (type IIa and IIb). Also, the principle states that the recruitment

of MUs progress from small to large cell bodies (orderly or task-specific recruitment).

This occurs as the synaptic excitation input to the motor nucleus increases (as more

force is required) [92] and is due to the threshold associated with the surface area of

73



each cell membrane [93]. To illustrate the principle, consider both precision and power

grasp. For a precision grasp (threshold/submaximal stimulus), the AP is only sufficient

to overcome the threshold required to activate weaker and slower muscles. While for a

power grasp (submaximal/maximal stimulus), the AP is sufficient to activate stronger

and faster muscles. In other words, a higher AP leads to the recruitment of larger MUs,

which in turn results in greater force output.

Another factor that affects the output force is the firing rate of the MUs. As shown

in Figure 4.2, the firing rate of MUs may be described as the frequency of AP spikes. In

work conducted by De Luca et al., [94], it is reported that MU firing rate is inversely

proportional to the recruitment threshold. That is, MUs with small cell bodies have

a firing rate higher than that of large cell bodies, which, when plotted resembles an

onion skin [85]. This organisation pattern is currently debated, with other research

suggesting the opposite (inverse onion skin) [95]. On the topic of force generation, it is

generally found that an increase in the firing rate produces an increase in the output

force regardless of the organisation pattern. However, the synchronisation of MUAPs

(constructive and destructive spatio-temporal summation) may introduce complexities.

Additionally, it is proposed that the firing rate acts as a buffer, smoothing muscle

movement during the recruitment of the MUs [94]. Previous research showed that MU

recruitment often does not extend beyond 50% of the MVC, after which the firing rate

strongly dictates the increase of contraction. In conclusion, both the MU recruitment

and firing rate (known as rate coding) are presumed to increase with increasing force;

thus by measuring these components (using indirect means such as sEMG), a relationship

may be obtained.

4.1.1.3 Systems used for force data acquisition

Considerable attention is often placed on the sEMG data acquisition system, while

the force data acquisition system is often overlooked. This presents a challenge in

establishing the most suitable data acquisition system for recording grasp force. In light

of this, the types of force sensors and applications are presented.

Force sensing in biomedical applications generally consists of three main types,

namely force platforms, force transducers and pressure sensors [96]. However, in this

dissertation, force platforms are not considered as they are often used in the gait anal-

ysis of lower limbs. Load cells are a type of force transducers used in the analysis

of force and moments produced by skeletal muscles during various types of static or

dynamic contractions. They utilise either strain gauge (thin-film, foil or semiconductor),

piezoelectric, hydraulic, electromagnetic or capacitive measurement elements to yield

an electrical signal representative of force (that is, tension or compression), pressure or

torque [97]. Strain gauge load cells are the most widely used load cells and come in

various configurations and orientations depending on thermal requirements and loading

direction. Arjunan et al., [98] used a high-performance S-type strain gauge load cell

rated at 100N maximum output, to record the force produced by the biceps brachii

muscle during isometric contractions at 50%, 75% and 100% MVCs. The results of

the study proved that the force data acquisition system sufficiently captured the forces

stemming from a bicep curl, but was not suitable for registering the grasp force. A

dynamometer can be used to address this.

An example of its use is given by Yokoyama et al., [99], where sEMG signals at five
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different force levels, that is 0, 50, 100, 150, and 200N, were investigated. Here, the

dynamometer and participant’s arm were in a supported horizontal state during the

isometric contractions to mitigate the effects of gravity. The approach provided a good

indication of the grasp force experienced but is limited in the types of grasps in which it

is applicable. This is because the layout of a dynamometer is conducive to measuring

the force produced by power grasps.

A somewhat less accurate type of force sensor, such as a resistive polymer film sensor

is needed to accommodate for non-power grasps. These sensors are of two types, namely

Force Sensitive Resistors (FSRs) and Flexiforce sensors [100]. These sensors have the

same working principle where a drop in electrical resistance signifies an increase in

pressure. Though, most often used in Force Myography (FMG), these sensors have also

shown success in grasp force recording [101, 102]. A recent study carried out by Leone et

al., [103], used five FSRs, mounted on the pads and palmar side of the distal phalanges

to record force data for a tip pinch and spherical grasp. The FSRs were mounted on a

glove that was worn by the participants during testing and three levels of contraction,

namely 30%, 60% and 90% MVC (low, medium and high force), were examined and

classified. The results showed that the non-linear logistic regression (NLR) and LDA

classifiers were able to classify the grasp forces with an accuracy of 98.8% and 98.7% for

the spherical grasp, and 96% and 97.6% for the tip pinch.

FSRs are limited by the range of sensitivity (typically in the range of 0.2N to 40N)

and hysteresis, where higher forces are associated with significant hysteretic effects

[104]. Unlike Leone et al., Hashemi [105] incorporated a coupling disk which served

to distribute the load experienced by the FSR uniformly. Also, Ye et al., [106] placed

the tail end of the FSRs out of the contact region to avoid interference. In conclusion,

several force data acquisition approaches are shown to be successful; however, the most

practical solution for acquiring grasp force data, albeit less accurate, involves FSRs.

Table 4.1 presents some of the force data acquisition systems and relevant details found

in the literature.

Table 4.1: A summary of the types of force data acquisition systems used in grasp force

estimation.

Sensor Force Range (N) Grasp
No. of

Participants

Sampling

Speed (Hz)
Reference

Sensor Participant

6-Axis Load

Cell (NANO17)
0 to 70 2,5 to 10

Pick and

Lift
12

10240

(Sampled to

2048)

Martinez et

al., [107]

6-Axis Load

Cell (ATI

MINI45)

0 to 120 0 to 40 Power 10 500
Kim et al.,

[108]

6-Axis Load

Cell (NANO43)
0 to 36 0 to <25 Power 2 1000

Luo et al.,

[109]

6-Axis Load

Cell
- 0 to 90

Various

Finger

Pinches

3 100
Ma et al.,

[110]

Adjustable

Handgrip

Dynamometer

0 to

>350

0% to 80%

MVC

Force-

Varying

and Static

20 1000
Wang et al.,

[111]

Continued on next page
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Table 4.1 -- Continued from previous page

Sensor Force Range (N) Grasp
No. of

Participants

Sampling

Speed (Hz)
Reference

Sensor Participant

Hand

Dynamometer

and 3D

Push-Pull

Sensor

0 to 30

0 to <30

and 0 to

<20

Power and

Random

Movement

6 1000
Wu et al.,

[112]

Hand

Dynamometer

and Pinch

Meter

0 to

>150

0% to 60%

MVC

Power,

Precision

and

Lateral

3 1600
Yamanoi et

al., [113]

Hand

Dynamometer
0 to 600 0 to 50

Grip

Force

Profiles

10 500
Kamavuako

et al., [114]

FSR (Interlink

400)

0.2 to

20
-

Grasping

of Various

Objects

- 2000
Barone et

al., [115]

FSR (Interlink

402)

0.2 to

20

0% to 100%

MVC

Spherical

and Tip
31

1000

(Sampled to

100)

Leone et al.,

[116]

Eeontex

Piezoelectric

0.05 to

1000
-

Grasping

of Various

Objects

2 500
Seedat et

al., [117]

4.1.1.4 Aspects to consider during sEMG-force data acquisition

There are several intrinsic (physiological) and extrinsic (measurement) factors to consider

during sEMG-force data acquisition. These factors may be prominent in the recorded

sEMG signal and may affect the capacity to generate force. Some notable physiological

factors include MU recruitment and firing rate, muscle fibre properties (type, length,

conduction velocity, cross-sectional area and depth), muscle state (blood flow and hydra-

tion), volume conduction, MU potential summation, fatigue and age [117, 118]. On the

other hand, measurement factors include the type of contraction (dynamic or static),

skin-electrode impedance, location and number of sensors, temperature, time resolution

(sampling rate), bandwidth, selectivity and representativeness [119, 120].

While it is suggested that the physiological properties of muscle fibres, previously

stated, are correlated with the generated force, Lieber et al., [121] indicated that it is

more complicated in the case of the forearm muscles since the effects of the moment

arm need to be considered. Lieber et al., [121] justified this fact by analysing the length

and pennation angle of several forearm muscle fibres in cadavers. It should be noted

that the muscle state factors mentioned are presumed a consequence of the historical

generation of force and are heightened by sustained fatiguing contractions [122].

Volume conduction is a highly coupled and influential factor in force generation

and is defined as the muscle equivalent of the Poisson effect. During contraction, the

”barrelling” of muscle causes spatial changes between the sEMG electrodes and the

muscle belly, which have a low-pass filter effect on the perceived sEMG signals [123].

MUAP trains are typically bi/tri-phasic signals (i.e., polyphasic at endplates and in cases

of neurodegenerative diseases [124]), which have constructive and destructive segments
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when summated. This effect is typically disregarded but may be directly related to the

stochastic nature of the sEMG signal and plays a role in the distinguished sEMG-force

relationship.

A widely researched topic is that of fatigue and its implication in force and sEMG

signals. Fengjun [125] observed a shift towards a lower ratio of mean frequency (MNF)

and the force generated as a result of fatigue and was thus able to conduct onset detection

of muscle fatigue. Furthermore, fatigue skews the sEMG-force relationship. The effect

of age is highlighted in work by Sahebjada [126], in which it was most notably found

that co-activation of muscles increased with age since individual muscle force degraded

with age. In other words, as age increases, so too does the level of coupling between

the muscles. Interestingly, co-activation does not only extend to age but also muscle

injury. Particularly in this chapter, the effects of the type of grasp on the sEMG-force

relationship is investigated. Most studies do not acknowledge this; however, recently,

Ma et al., analysed the force produced and classified four different pinches. The results

showed excellent predicting capabilities (especially for less involved pinches), but the

study remains limited in the grasps investigated. The variability in sEMG signals

depends on the location and number of sEMG sensors and has led to the adoption

of high-density (HD) sensor arrays. These arrays give insight into causative factors,

and their use negates the need for repositioning of sEMG sensors between individuals.

Selectivity and representativeness primarily deal with two aspects of the muscles and

contact regions. Firstly, the level of cross-talk or coupling and then the proportion of

data representing the cross-talk or coupling. In conclusion, several highly influential

factors which contribute to the observed force need to be considered.

4.1.2 Pre-processing

The pre-processing of sEMG data is detailed in Section 3.1.2, and will therefore not

be reviewed in this section. Instead, the pre-processing of force data will be covered.

Additionally, the pre-processing of sEMG data is not required for certain features (as

noted in the following section). In the literature, attention is often placed on the

pre-processing of sEMG data, with little reference to force data. As such, one is left to

assume that force data is in a raw form. Depending on the sampling speed, this may be

an issue, since noise (particularly at low forces or low SNR), could corrupt the data.

Ye et al., [106] avoided this by using a low-pass filter with a cutoff frequency of

50Hz, which smoothed the data and was especially useful in ensuring rest periods

remained bias-free. Similarly, Kamavuako et al., [114] also used a low-pass filter with a

cutoff frequency of 20Hz. The low cut-off frequencies are well-founded because of the

speed at which changes in grasps occur; however, these frequencies require revision in

instances of undefined contraction patterns involving fast-twitch muscles. In addition,

the effects of using a low-pass filter need to be tested since it introduces an increase

in the electro-mechanical delay, which will affect the structure of the chosen regression

multilayer (ML) approach. Apart from filtering, the force data may also sometimes be

subjected to upsampling or downsampling, through repetition, interpolation or dropout.

Whether using either of these methods, it needs to be followed up with a low-pass filter

to prevent signal aliasing.
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4.1.3 Feature extraction

The feature extraction discussed in this section relates to that of sEMG and not force.

This is because, extracting intermediary characteristics from the force signal like, a hand

force distribution index, would introduce unnecessary links which at a later stage would

have to be reincorporated. Also, it is more appropriate in analyses considering the spatial

activation of muscles [127]. Feature extraction may be extended beyond the application

of classification and beneficial in most machine learning applications. The reason being

that feature extraction performs characteristic decomposition in the chosen domain,

giving a greater level of detail and reducing the complexity of the machine learning

model needed. Most of the advantages and methods for optimally selecting features

were discussed in Section 3.1.3; however, it should be noted that feature extraction may

be less conducive to real-time implementation due to online computation requirements.

To mitigate the online computational cost, Xu et al., [128] investigated the use of CNN,

Long Short-Term Memory (LSTM) and a combination of the two (C-LSTM) for real-time

force estimation using sEMG data. The promising results achieved by the LSTM and

C-LSTM networks suggested that these networks were capable of automatic extraction

of features. Two other important findings in the study seem to suggest that the LSTM

and C-LSTM networks are multi-participant suited and that the inclusion of varied

force patterns are required to improve environment bandwidth.

Though these networks have gained much attention in terms of automatic feature

extraction, particularly in vision recognition, it remains that they are more computa-

tionally heavy during training. Also, they do not provide any perceived improvement in

performance over traditional MLP networks with manual feature extraction in many

benchmark problems [129]. Furthermore, these networks are subject to forming artificial

correlations which present poor generalisation properties. This is one of the reasons

that manual feature extraction is often adopted when formulating the sEMG-force

relationship. Some notable and recent studies are shown in Table 4.2, along with the

corresponding features. From Table 4.2, it is seen that one of the most used time-domain

features is RMS. This feature is amplitude-based and is suggested to be correlated with

MU recruitment (a known precursor for force generation) [130].

The use of frequency-based features is scarce, but of them, the most commonly used

is MNF. This feature has been noted to be particularly useful in detecting muscle fatigue

[131]. In a study by Phinyomark et al., [132], it was noted that there are conflicting

opinions on whether MNF and median frequency (MDF) are effective features for pre-

dicting muscle force. Three cases were noted by Phinyomark et al., [132]. The first

case was a weak correlation, where the force did not affect MNF and MDF. The second

observation was a direct correlation, where an increase in force increased MNF and MDF.

Lastly, the third case was an indirect correlation, where an increase in force resulted in

a decrease in MNF and MDF. Phinyomark’s results suggested a weak correlation due

to subject variability, stating that the cases observed among the participants differed.

However, in conclusion, Phinyomark et al. suggested that applying MNF and MDF

feature extraction to the raw data should see an increase in muscle force increasing MNF

and MDF, respectively. The suggested relationship may be a simplification, according to

Farina et al., [133], since volume conduction is often not taken into account. However, in

this dissertation, it is hypothesised that MNF (distinguished through spectral analysis)

should increase as the MU firing rate and force generated increases. This is because as

the force increases the MU firing rate is responsible for enacting an increase in muscle
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force; an increase in MNF is expected regardless of the effects of volume conduction and

the attenuation due to physiological structures.

Table 4.2: Comparison of classifiers used in sEMG GR.

Feature Filter (Hz)*
Window

Length (ms)†
Performance Reference

SSE, GDR, CSE and

RMS (I)

4th Order

Butterworth Filter

(100-3000)

200 R2: 0.88 0.89
Kamavuako

et al., [134]

14 Features (I)

4th Order

Butterworth Filter

(100-3000 I; 20-500

S)

200 R2: >0.9
Mathiesen

et al., [135]

MAV - -
R2: >0.99 and

MSE (N): <2.6

Luo et al.,

[109]

MAV, RMS, SD and

WL
- 50 Accuracy (%): >95

Li et al.,

[136]

RMS
4th Order Filter

(30-700)
500

R2: 0.85 and

RMSE (N): 45

Yokoyama

et al., [99]

MNF and MDF Bandpass (20-450) 375
p-Value (ANOVA):

0.0005

Phinyomark

et al., [132]

NSM5, MDF, RMS,

NRMS, WL and IIS
Bandpass (20-450) 1000

R2: 0.32-0.96 and

p-Value (ANOVA):

0.45-0.001

Arjunan et

al., [98]

RMS and Moment

Ratios
- 50 NRMSE: 23

Gailey et al.,

[137]

RMS - 200
CC (%): >90 and

RMSE (N): <10

Ma et al.,

[110]

26 Features Bandpass (10-350) 50 RMSE (N): 33
Ye et al.,

[106]

MAV, VAR, SC and

WAMP
Bandpass (10-500) -

MAVE (N): 1.1,

RMSE (N): 1.6 and

CC (%): 97.8

Wu et al.,

[112]

MAV, IEMG, RMS,

WL, VAR and PS
- - Accuracy (%): 94.9

Prasad et

al., [138]

FD, CV, ARV, MNF

and Borg
Bandpass (10-750) -

p-Value

(Dunn-Bonferroni):

<0.001 (Excl. CV)

Beretta-

Piccoli et

al., [139]

Ten Features

4th Order

Butterworth Filter

(20-500)

60
R2: 0.67 and AE

(N): 2.52

Martinez et

al., [107]

13 Features - 256
Accuracy (%):

>74.41

Xu et al.,

[140]

MAV, WL, RMS

and FILT
- 400

R2: >0.89 and

NRMSE: <0.045

Baldacchino

et al., [141]

(SSE), (GDR), (CSE), (SD), (MDF), (NSM5), (NRMS), (IIS), (VAR), WAMP, (IEMG),

(PS), (FD), (CV), (ARV) and (FILT)

Continued on next page
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Table 4.2 -- Continued from previous page

Feature Filter (Hz)*
Window

Length (ms)†
Performance Reference

Excluding * PL interference notch filter and †window overlap length

With the above time and frequency-domain sEMG features, namely RMS and MNF, a

relationship with force may be constructed. The mathematical description surrounding

RMS has been given in Section 3.1.3, along with the concept of sliding windows. To

extract frequency-domain features such as MNF, the sEMG signal in the time-domain is

firstly transformed using a Fourier transform [142]. The transform yields power spectral

characteristics, from which MNF can be calculated.

Shown in Equation 4.1.1, is the definition of MNF, which follows the sum of the

product of frequency and power, denoted as fn and Pn respectively, divided by the

sum of power. Here, n refers to the frequency bin (which determines the frequency
resolution) and N refers to the total number of bins present in the data contained within

the window length.

MNF =

∑N
n=1 fnPn∑N
n=1 Pn

(4.1.1)

It is suggested that the sEMG data is normalised to MVC to reduce the variability of

MNF between subjects. Additionally, the filtering process typically used (that is, 20Hz

to 400Hz) should be avoided as it destroys the information particularly contained in

the lower frequencies and associated with deeper MUs. Averaging of sEMG and force

data, to present a singular data stream has been proven successful by Chen et al., (2019)

[143].

In a nutshell, feature extraction of sEMG signals may or may not be needed depend-

ing on the type of ML approach taken. Despite this, it is beneficial in the realisation of

force estimation from sEMG signals, since it provides for the incorporation of expert

knowledge. Included in expert knowledge are perceptions regarding amplitude, frequency

and complexity, giving rise to the adoption of RMS and MNF in this dissertation.

4.1.4 sEMG-force predictive models

The mapping of sEMG signals to force is a complex process that requires advanced

mathematical and computational tools. This can be an iterative process, the accuracy

of which is largely dependent on the prediction model used during training. It should

be noted that the more accurate the predictive model used, the more computationally

expensive it will be. Furthermore, both accuracy and computational speed are contribut-

ing factors in the selection of the best force predictive model to use. With advancements

in machine learning, most computer software are now able to drastically reduce the time

taken by a model to map and produce a model input-output relationship.
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4.1.4.1 Classical biomechanical sEMG-force models

Models approximating the relationship between sEMG signals and muscle force are

generally of two types, mathematical or computational. Despite using mathematical

constructs, computational models are less explicitly defined. In this section, some

fixed-parameter and bounded mathematical muscle models will be discussed. Accord-

ing to Winters and Stark [144], the number of muscle models increased significantly

after the introduction of Hill’s muscle model. It can be categorised into three classes,

including simple second-order models, Hill-based models and Huxley-based models. The

most prominently adopted model is the Hill-based model due to its simplicity, ease of

calibration and accuracy (for certain functions) [145]. This model gives a macroscopic

overview of the processes of a muscle, however, does not yield information regarding the

intricate processes occurring within the muscle (as with a Huxley-based model).

The Hill muscle model is shown in Figure 4.3 and is, in essence, a mass-spring-damper

equivalent of a skeletal muscle with the addition of tendinous links. Also, the outlined

muscle is a lumped-parameter representation of all individual MUs. The angle that the

muscle makes with the tendon (i.e., the pennation angle indicated by ϕ) determines

the components of tensile force exerted on the load and dependent on the muscle fibre

length in time. Within the muscle model, there are three main elements, namely the

isometric Contractile Element (CE), the Series Elastic (SE) element and lastly the

Parallel Elastic (PE) element [146]. The CE and SE branch is involved in the active

behaviour of the muscle, while the PE branch remains passive. More specifically, the

PE may be described as the elasticity of the passive muscle and ligaments (which is a

resistive force), and only affects the force if stretched beyond the resting length.

Figure 4.3: A muscle-tendon system with the incorporation of a Hill’s contractile element [146].

Input is required in order to enact force generation in the muscle model. This input

starts as a neural command, resulting in a delayed twitch response from the chemical

processes taking place in the CNS. Equation 4.1.2, relates this neural activation to

the sEMG signal through a critically-damped second-order linear differential equation

[146, 147]; where u(t) is the neural activation, E is the sEMG signal, d is the delay
between the neural activation and the sEMG signal, and α, β1 and β2 are coefficients

describing the differential equation respectively. To ensure stable neural activation

β1 = C1 +C2 and β2 = C1 ·C2, where C1 and C2 are arbitrary constants that are within

the range −1 < Cn < 1. Also, the condition α− β1 − β2 = 1 must be met to maintain
unity gain [148].

Depending on the muscle, several researchers have reported that the activation

dynamics are instead non-linear and may not be assumed to be equivalent to the neural
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activation. The degree of non-linearity may also differ, and so the proposed equation

joining neural activation and the activation dynamics is variable.

u(t) = α · E(t− d)− β1 · u(t− 1)− β2 · u(t− 2) (4.1.2)

Equation 4.1.3 describes an attempt at achieving the non-linear relationship between

neural activation and activation dynamics by defining two regions [149]. The first region

is logarithmic and is valid within the range of 0% to 30% MVC. The second region is lin-

ear and extends from 30% to 100% MVC. The exact reason for splitting the relationship

is because it was empirically found that beyond 30% MVC, the relationship remains

predominantly linear. In Equation 4.1.3, a(t) denotes the activation dynamics, while
d, c, m and b denote constants. The constants m and b may be solved by substituting
the boundary conditions at 0.3 and 1, while the constants d and c are calculated by
preserving continuity at the node joining the derivative of the linear and non-linear parts.

a(t) = d · ln c · u(t) + 1 0 ≤ u(t) < 0.3

82pt]a(t) = m · u(t) + b 0.3 ≤ u(t) < 1
(4.1.3)

Another simple and effective non-linear formulation describing the transition from

neural activation to activation dynamics was proposed by Besier and Lloyd [150], shown

in Equation 4.1.4. Here, A is a constant, suggested to be in the range 0 to -3 (linear
to highly non-linear). Note that in both Equations 4.1.3 and 4.1.4, u(t) term refers

to Equation 4.1.2. The active component in the Hill muscle model is dependent on

two factors, namely the length of the muscle (force-length) and the contraction ve-

locity (force-velocity). Shown in Equation 4.1.5 is the active force produced by the

muscle (FA(t)), where f1 and fv are the normalised length and velocity-dependent
muscle forces [151]. These relationships are derived experimentally and are given as

polynomial curve approximations in the literature [152]. The symbol FmaxIso refers to

the participant-specific maximum isometric muscle force and may be easily measured.

The maximum active force is achieved at the optimum muscle fibre length when the

optimal connection between the actin and myosin is achieved, and the sarcomeres are

2.8µm in length [153]. The total contractile force Fc is a combination of the active and

passive force. Information regarding the passive force and thermodynamics (i.e., the heat

generated from muscle while shortening) may be found in work by Buchanan et al., [154].

a(t) =
e(A·u(t)) − 1

eA − 1
(4.1.4)

FA(t) = a(t) · fl · fv · FmaxIso (4.1.5)

The main limitation of mathematical models relating sEMG to force is the required

estimates of activation dynamics and the translation from activation dynamics to muscle

force remaining largely unknown [154]. These approximate relationships are commonly

the result of curve fitting with minimal parameters as possible. Despite being simple,

this poses several problems since real systems do not abide by this. A better alternative,

with much more promise, lies in computer-based approaches.
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4.1.4.2 Linear vs. non-linear debate

There remains uncertainty in the exact interaction between sEMG activity and force

produced by a muscle. Researchers are divided on whether the interaction may be defined

as either having negative, positive or no correlation. Also, they are often classed as either

linear or non-linear (with upward/downward concavity [155]), for instances where the

correlations are observed. Imprecise and differing methods, as well as the factors stated

in Section 4.1.4.1, are typically blamed for the disparity in results. According to Farina

et al., [133], the most significant cause is the difference in muscle composition leading to

the variation in proportionality between MU rate coding and recruitment. Ahamed et

al., [156] presented another point, stating that electrodes located suboptimally (at the

ends of the muscle) could account for the difference in linearity.

Several studies propose a linear relationship between sEMG activity and muscle

force. These relationships often relate the temporal properties of both the sEMG signal

and muscle force, with negligible emphasis placed on relating the frequency properties.

One such example can be found in work by Jones and Hunter [157] where the relative

sEMG activity was mapped to the relative isometric muscle force (see Figure 4.4a).

In the study, the muscles (which include the flexor carpi radialis and flexor digitorum

superficialis) were investigated separately, and each produced a linear relationship. The

variance between the linear fit and the data from the participants fell within the range

of 72% and 98%. Despite the linear relationship suggested by Jones and Hunter, they

did not consider the influence of cross-talk stemming from a multi-muscle analysis. It

may be safe to assume that cross-talk may introduce non-linear aspects [158]; thus, the

results of this study is limited to the aforementioned muscles in isolation. As per the

findings of Bigland et al., [159], the relationship may differ among participants due to

the mixture of type I and II muscle fibres. It is therefore hypothesised that assuming a

non-linear relationship would be the safest option.

Similar to Jones and Hunter, Kamavuako et al., proposed that there exists a linear

relationship between sEMG features and muscle force [160]; however, they noted that

some features may produce non-linear relationships and substantiated this through

the use of non-linear ANN approach. In addition, the studies only considered one

muscle, highlighting again that a linear profile should not be assumed when dealing with

multi-muscle analyses. Kamavuako et al., [160] performed the trials under quasi-static

conditions (slow progression of force patterns); hence the results may not reflect the

entire muscle behaviour but rather only the portion attributed to type I muscle fibres.

This fact is echoed in a study by Coggshall and Bekey [161], in which it was noted that

significant linear prediction errors occurred in intervals of rapid force change. From the

results of Kamavuako et al., it may be said that the data should reflect a variation in

the dynamics of grasping; otherwise, it precludes a thorough mapping of the muscle.

Contrary to the strictly linear relationships suggested by the previous researchers,

Lawrence and De Luca [162] found that both the bicep and deltoid exhibited a non-linear

sEMG-force behaviour, while the first dorsal interosseous muscle exhibited a quasi-linear

behaviour. These results seem to validate the findings of Woods and Bigland, highlight-

ing that different muscles yield different relationships. The non-linear relationship found

by Lawrence and De Luca may further be classified as a parabolic relationship which

approaches a vertical asymptote. The results remained consistent among various force

levels with different numbers of average contraction. Similarly, Vredenbregt and Rau

[163] points out that the parabolic relationship persists for different inclination angles,

83



which is the angle between the forearm and the upper arm, as shown in Figure 4.4b.

More recently, Al Harrach et al., [164] used a simulation study to analyse the param-

eters affect the underlying relationship between sEMG and muscle force. The effects of

several parameters, including MU recruitment and firing rate, adipose tissue thickness,

tissue thickness and muscle length, were monitored. These parameters did not change

the overall shape of the relationship between measures of sEMG amplitude and muscle

force and may be related by a 3rd-order polynomial with upward concavity.

(a) Confusion matrix (b) ROC plot

Figure 4.4: Interaction between sEMG activity and force produced by a muscle.

The shape of the relationship between sEMG activity and muscle force is shown in Figure

4.5. Here, three mappings are expressed, where the force is on the y-axis and the sEMG
activity on the x-axis. The variables are interchangeable since they are co-dependent;
however, conventionally force is presented on the y-axis. Typical equations describing

the shape are given alongside the graphs.

Figure 4.5: A muscle-tendon system with the incorporation of a Hill’s contractile element [165].

As pointed out, most studies generally only consider linking temporal amplitude charac-

teristics of sEMG signals to muscle force, leaving the frequency characteristics largely

unexplored. In Section 4.1.3, this matter was touched on, stating that three distinct

correlations between frequency-based sEMG features and muscle forces are present. How-

ever, this fails to clarify the linearity or non-linearity of the relationship. In conclusion,

there are numerous cases advocating both linear and non-linear relationships between

temporal sEMG characteristics and muscle force, while the same may not be true for

the mapping of sEMG frequency features and muscle force.
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4.1.4.3 Computational sEMG-force models

The invent of better computing systems has led to an increase in the use of ML in the

last 20 years. In particular, this had an effect on the mapping of input sEMG signals to

output force, shifting the focus from classical to computational-based methods. The

reason being that these methods are fast, accurate (especially for non-linear systems),

adapt to change over time and are capable of deducing relationships without any prior

knowledge about the system, that is the Black-Box model of the muscle and joint

dynamics.

Correspondingly, Wen et al., [166] used a feedforward ANN, trained with adaptive

movement estimation (ADAM) algorithm, to map the relationship between sEMG signals

recovered from the forearm and the force produced during grasping. The force estimated

by the model was used as a reference signal in an admittance Proportional Derivative

(PD) controller, to control a 6-DoF Kinova arm with endpoint gripper. With an sEMG-

force regression fit of R2 = 0.95, the gripper was able to grasp and lift deformable

objects without producing any noticeable deformation. Also, the ANN regression model

showed good generalisation abilities, which was verified by considering the difference

in RMSE between the training and validation sets. The study neglected the effects of

various grasps and therefore is limited in its results.

Similarly, Choi et al., [167] developed an sEMG-force model for the real-time pre-

diction of palmar pinch force. The model consisted of an ANN with a single hidden

layer and 12 hidden neurons. The MAV inputs were taken from three muscles in the

forearm (optimally determined through LDA). The research consisted of two sessions,

with the first being static and dynamic force patterns and the second being random

(participant specified). The results from the first session were slightly better, with a

normalized root mean square error (NRMSE) and correlation coefficient of 0.081 and

0.968. In general, the results reiterated that the sEMG-force relationship is non-linear

at lower forces and that the relationships are participant-specific. However, the latter

conclusion is questionable following the disregard of normalisation.

Further evidence of the use of ANNs in estimating force from sEMG signals was found

in work by Zhang et al., [168]. Here, an ANN was combined with modified aspects of a

Hills muscle model to predict the downward touch force applied. The ANN classified

the sEMG signals into four distinct hand motions and acted as a switch, activating

subsequent blocks in the model if a force exerting hand motion was sensed. These blocks

consisted of a muscle model and a predictive function, that was calibrated through

Bayesian linear regression. The ANN had an accuracy of 96%. In contrast, the combined

effort of all the sub-systems resulted in an RMS error of less than 2.27N. Despite having

good performance, the filtering parameters used in the study are met with disagreement

by several researchers [169, 170], calling into question the validity of the results.

Luo et al., [109] combined the architecture of an ANN with FL abstractions to

produce a three-domain fuzzy wavelet NN for describing the sEMG-force relationship.

The proposed network was comprised of four layers, namely an input layer, fuzzy wavelet

layer, defuzzification layer and output layer. The performance of the network (MSE

less than 0.083N and an R2 greater than 0.99) was found to surpass the performance

of a radial basis function NN. The radial basis function NN was associated with an

sEMG-force model that tended towards an underdamped system.

Reference to NNs in estimating force from sEMG signals extends beyond those
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mentioned in this section. Furthermore, other computational approaches such as SVM

[171], extreme learning machine, CNN [172], LSTM [173], fast orthogonal search [174]

and Gaussian Process Regression (GPR) [112] have been used successfully to model the

sEMG-force relationship.

Together with the type of regression approach, the algorithm used to minimise the

cost function makes a significant impact on the convergence rate and the error produced.

Though many training algorithms exist, the LM algorithm has proven successful in

particular with cases where a moderate number of parameters (say 1000) are concerned.

For these reasons, the LM algorithm was selected in this chapter to train the ANN

sEMG-force regression model. The LM algorithm is used to solve a non-linear least

squares problem and takes advantage of two techniques to minimise the mean or sum of

the squared errors. The first technique is gradient descent, which takes steps towards

the local minimum in proportion to the gradient of steepest descent and learning rate.

This technique performs better further from the local minimum. The second technique

is Gauss-Newton, which similarly aims to reduce the sum of the squared errors by

iteratively solving it in a linear least-squares manner. The Gauss-Newton technique is

highly sensitive to the initial guess and converges exceptionally well if this guess is close

to the minimum.

The LM algorithm combines the best of both techniques and behaves like the gradient

descent technique when the residual is far from minimal and like the Gauss-Newton

technique when the residual is close to the minimum. Shown in Algorithm 4 is the LM

algorithm, which may be used to update the weights and biases of a NN in application

to non-linear regression [175]. Supplementary to Algorithm 4 is the Equations 4.1.6 to

4.1.15. These equations briefly describe the concept of backpropagation with gradient

descent as well as the Levenberg-Marquardt algorithm. The derivation and explanations

that follow are based on work by Hagan and Menhaj [176].

Backpropagation relies on first considering the forward pass of a NN. In other words,

how the input propagates through the network and results in an error. Related to

the forward pass, Equation 4.1.6 states that the output of the ith neuron in the first
layer, denoted by a1i , is equal to the input of the i

th neuron, denoted by xi. A general

expression defining the input to each neuron is given by Equation 4.1.7. In Equation

4.1.7, the input to each neuron in the layer l + 1, is given by the sum of the outputs

of the previous layer l multiplied by the corresponding weights from the kth to the jth

layers, and an added bias bl+1
i . Note that the kth and jth layer refer to the layers l + 1

and l, respectively. Also, in Equation 4.1.8, the output vector of the neurons in the l+ 1
layer, symbolised by al+1, is equal to the activation function vector (see Section 3.1.4),

given as f l+1, evaluated at the corresponding input vector (zl+1).

a1i = xi (4.1.6)

zl+1
i =

N∑
i=1

ali · wl+1
k→j + bl+1

i (4.1.7)

al+1 = f l+1(zl+1) (4.1.8)

Using Equations 4.1.6 to 4.1.8, with initial weights and biases (randomly or optimally

selected), the output of the NN is computed. Effectively updating the weights and

biases requires the use of the networks error, that is the difference between the desired
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(target) and actual outputs. Shown in Equation 4.1.9 is the total error of the network,

given as the MSE with an additional 1
2
term to negate the derivative. Here, Etotal is the

total error of the network, N is the number of neurons in the last layer, ti is the target
output of the ith neuron, and pi is the output of the i

th neuron in the last layer, that is

Equation 4.1.8 (scalar form) evaluated at layer N .

Etotal =
1

2N

N∑
i=1

(ti − pi)
2 (4.1.9)

Backpropagation is a process whereby the errors are passed backwards through the

network, evaluating the sensitivity of both the weights and biases along the way. Shown

in Equations 4.1.10 and 4.1.11 is the premise of the backpropagation algorithm. In these

equations, the updated weights and biases, denoted asŵl+1
k→j and b̂l+1, are equivalent to

the previous weights and biases minus the product of the learning rate (η) and the partial
derivative of the total error with respect to the weight or bias. The partial derivative

is the implementation of the gradient descent algorithm and shows how much either

the weight or bias needs to change to minimise the cost function. Also, the learning

rate is defined within the range ∈ {0; 1} and characterises the scaling of steps, where
the learning rate is proportional to the step size. If the learning rate is large, it will

tend to overshoot the cost minimum, while if it is small, it will converge slowly and be

susceptible to a local minimum.

ŵl+1
k→j = wl+1

k→j − η · ∂Etotal

∂wl+1
k→j

(4.1.10)

b̂l+1 = bl+1 − η · ∂Etotal

∂bl+1
(4.1.11)

The gradients defined in Equations 4.1.10 and 4.1.11 must be computed using the chain

rule. Equation 4.1.12 and 4.1.13, show the premise behind the chain rule with respect

to the weights and biases. Note that the first term, denoted as ∂l
i, is sometimes referred

to as the sensitivity of the error with respect to the parameter [177].

∂Etotal

∂wl+1
k→j

=
∂Etotal

∂zl+1
i

· ali (4.1.12)

∂Etotal

∂bl+1
=

∂Etotal

∂zl+1
i

(4.1.13)

In multivariate optimisation, the change in the parameter for Newton’s method is shown

in Equation 4.1.14. ∆x is the change in the updated parameter vector, H is the Hessian

matrix (matrix of second-order derivatives), Ė(x) is the derivative (gradient) of the error
with respect to the parameters, and superscript −1 refers to the inverse matrix. Both
the Hessian and derivative are often complex to compute, particularly when applied

to NNs. Thus, the Gauss-Newton method proposes a Jacobian approximation, given

by Ė(x) = JT (x · e(x)) and H(x) = JT (x) · J(x). J is the Jacobian matrix (or partial
derivative of the error with respect to the parameter), and T is the transpose of the
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matrix.

The LM Algorithm 4 is an adaptation of Equation 4.1.15, with the addition of

a scaling parameter which switches between the gradient descent and Gauss-Newton

method. The scaling parameter is given as µ, and I is an identity matrix. Note that µ
is changed during each iteration of the optimisation of a parameter. The modification

is done by setting µ = µ
β
if the updated error < error and µ = µ · β if the updated

error > error. The value β is decided upon at the start of training and reflects the
rate at which the LM algorithm switches between the two constituent algorithms. The

modification may sometimes be expressed as a deduction or addition of β [178]. To
compute the updated error, the new value of x is, x = x + ∆x, is used. The steps
required to apply the LM algorithm are shown in Algorithm 4. An important factor

to remember is that the parameters only get updated once the backwards pass is complete.

∆x = −[H(x) · E(x)]−1 · Ė(x) (4.1.14)

∆x = [JT () · J(x)]−1 · JT (x) · e(x) (4.1.15)

Algorithm 4: Pseudo-code for GR feature extraction of sEMG data

Data: sEMG features (input) and force (output)

Result: Optimum weights and biases

1 Load data;

2 Using initial weights and biases, perform a forward pass and calculate the

outputs;

3 Determine e1;
4 Compute the cost;

5 Evaluate J ;
6 Solve Equation 4.1.15;

7 Update parameter (weight or bias) and compute cost;

8 Bool = True;

9 while Bool = True do

10 if Solution to line 7 < solution to line 4 then

11 set µ = µ
β
and return to Step 4;

12 end

13 else

14 set µ = µ · β and return to line 6;
15 end

16 if Epochs > EpochsMax or Time > TimeMax or Performance < Goal or

Preformance Gradient < GradientMin or µ > µMax or Validation >
FailMax then

17 Bool = False

18 end

19 end

The performance measures of regression are given in Equations 4.1.16 to 4.1.19. These

measures are in line with the performance specifications in Section 2.1.2 and were used

in this dissertation to assess the difference between the predicted model outputs and
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the actual outputs. Equation 4.1.16 defines the sum of the squared errors, where ti
and pi are the target and predicted model outputs, respectively. In addition, i refers
to each target-predicted output pair, and N is the total number of target-predicted

output pairs. Equation4.1.17 defines the mean squared error, a metric commonly used to

evaluate the performance of a NN, while Equation 4.1.18 defines the mean absolute error.

The aforementioned performance metrics are defined within the range 0; . The final

performance metric to consider is the coefficient of determination, shown in Equation

4.1.19, which indicates the degree of correlation between two variables.

SSE =
N∑
i

(ti − pi)︸ ︷︷ ︸
ei

2
(4.1.16)

MSE =
SSE

N
(4.1.17)

MAE =

N∑
i

|ei|

N
(4.1.18)

R2 = 1− SSE

N∑
i

(xi −
1

N

N∑
i

xi︸ ︷︷ ︸
x̄

)

(4.1.19)

In summary, many computational methods are used to relate sEMG activity to muscle

force. These methods may be linear or non-linear, yet the vast majority of these are

non-linear due to the prominence of ANN-based models. Computational modelling offers

numerous advantages over classical models; however, computational models often lack

insight or expert direction. This may be curbed through the careful selection of the

computational method as well as the features.

4.1.5 Literary relevance and conclusion

An sEMG-force model is based on electrical conduction in the nervous system. The force

generated depends on the MU recruitment and firing rate for different skeletal muscles.

The size principle relates MU recruitment to the force generated by the muscle action.

Various force-sensing devices are available; an example uses FRS for data acquisition.

However, most of these devices can only accurately capture a limited range of force

types. The use of a low-pass filter can be used to avoid raw sEMG force data from being

corrupted by noise at low frequencies. The feature extraction process can be implemented

to reduce the machine learning model complexity, but it is computationally expensive.

In this study, the frequency-based MNF feature extraction model is used. This model

can be related to the force and can also be used to detect muscle fatigue. The use of

computational methods is much more efficient in predicting the force relationship by

taking advantage of the Black-Box model. However, unless modified, most computational

models are grasp specific and are thus limited in application. Based on literature findings,
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the Hill-based mathematical model is the most used biomechanical sEMG force model.

4.2 Experimental Facilities

The experimental test facilities used in this chapter considers both the hardware and

software elements used to acquire and process sEMG and force data to develop a grasp

force regression model. The experimental test facilities involved in force data acquisition

includes a force glove and Grip Visualisation (GVis) application. A calibration curve of

the Force Sensitive Resistor (FSR) with coupling disks is presented. The alternative

curve (excluding coupling disk) can be found in the datasheet in the Appendix. The code

written for the GVis application is two-fold (Universal Asynchronous Receiver/Trans-

mitter communication protocol) and is submitted as part of the Digital Appendices.

The experimental facilities used in Chapter 3 were required in the execution of

the sEMG procedures detailed in this chapter. These include the Delsys Trigno setup,

grasping apparatus, processing system, EMGworks, Python and MATLAB. For more

information on the setup, refer to Section 3.2.

4.2.1 Touch-sensitive glove

The touch-sensitive glove makes use of nine FSRs located on the pads of the distal

phalanges and the palm. The FSRs are divided as follows: one FSR on each of the pads

of distal phalanges (that is, five total); four on the palmar side of the hand located

at the thenar, hypothenar and below the index and pinky MCP joints, respectively.

These positions were established after performing an ink touch test with the various

GOs referred to in Section 3.2.1.2. The same procedure is noted in the work by Seedat

et al., [179].

Each FSR is made up of two comb-like layers which intermingle but do not make

contact with one another. If a force is applied perpendicular to the layers, they deform,

and the distance between them and the conductive film decreases. The distance contin-

ues to decrease at which point the comb-like layers make contact with the conductive

film; a larger contact area equates to a lower measurable resistance. Using a measuring

resistor in a voltage divider configuration; the resistance change may be related to a

change in voltage. The voltage may further be digitised using an ADC. Owing to the

deformation-resistance relationship; it should be noted that without offset calibration,

the FSRs should strictly remain in linear alignment with the substrate. Furthermore,

bending the tail of the FSR changes the resistance and must be accounted for through

calibration.

Before adhering the FSRs in the locations specified on the glove, a signal routing

board with nine voltage dividers was constructed. Figures 4.6a and 4.6b respectively

show the board and its corresponding circuit diagram. The primary purpose of the

board was to link the output of the FSRs to the analogue input pins of the Arduino

Mega 2560 PRO MINI through a voltage divider with a resistance of 10kΩ (measuring
resistor). Constructing the board had three profound advantages; it reduced the risk

of jumper wires coming loose during data acquisition, lessened the potential for noise

and compactified the setup. This made it easier for the participants to perform the

investigate grasps.
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(a) Confusion matrix. (b) ROC plot.

Figure 4.6: FSR signal routing board and circuit diagram.

Considering the pressure-sensitive nature of the FSR, a coupling disk was placed on

either side of the FSR. This is in-line with the recommendations given by Hashemi [105].

Adding a coupling disk ensured that the pressure was uniformly distributed, improving

reliability between tests and avoiding fatigue failure. The coupling disks were layers of

hot glue approximately 1mm in thickness, covering the active area and tail on either

side of the FSR. By laying the hot glue slightly over the edge of the FSR, the coupling

disks were fully constrained. It should be stated that during the process of attaching

the coupling disks, several FSRs were broken. This may be attributed to the heat from

the hot glue, causing the FSR layers to delaminate. The FSRs (with coupling disks)

were adhered to the glove using superglue.

The orientation of the FSRs was of particular significance to its fatigue life. It

was observed that FSRs adhered to the palmar side of the glove resulted in fractures

occurring along the axis of the DIP joint. To resolve this, a similar approach to Ye et

al., [106] was taken, positioning the FSRs such that the tail resided on the dorsal side

of the hand. Consequent to the position of the FSRs, static calibration was necessary

and opposed dynamic calibration, which would have resulted from adhering the FSR

to the palmar side of the hand (movement of the DIP joint). In this dissertation, the

orientation of the FSRs on the glove does not translate to the RPH. This is because the

DIP joint is fixed in a set position.

The participants were right-arm dominant; therefore, a right-handed glove was

required. Also, the glove had to maintain the participant’s range of motion and cater

to a variety of hand sizes; thus, a stretchable cycling glove was settled upon. The two

solder tabs on the tail end of each FSR were soldered to an insulated wire (0.8mm in

diameter). Using superglue; the wires were combined into a single ribbon cable and

soldered to male header pins, which attached to the board. The touch-sensitive glove

is shown in Figure 4.7. Upon activation of the board, the software discussed in the

following section came into effect.

4.2.2 Grip visualisation application

The GVis application, shown in Figure 4.7, was developed to capture the force data

from the touch-sensitive glove in real-time. An alternative approach would have entailed
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Figure 4.7: Touch sensitive glove and FSR location in the set position.

using a breakout board with a micro SD module. Two drawbacks of using the micro SD

approach are the cost associated with the breakout board and the inability to process

the data online (real-time), to serve as a visual cue for the participants.

The GVis application was written in Python, with the layout of the GUI widgets

established in PyQt. By determining the layout of the application in PyQt, the task of

manually adjusting widget placement was avoided. Furthermore, compiling the GUI

developed in PyQt using PySide resulted in a class structure. The class structure

was linked to the functionality of the application in a separate master script through

object-oriented programming. The functionality entailed the following:

1. The calibration and offset adjustment of the FSRs upon start-up ensured ac-

countability of the deformation due to the coupling disk and tail (see Figure 4.8).

The offset was unique to each FSR and involved subtracting the current reading

from the initial reading. The calibration was fixed to a 10s period, in which the

participant’s hand was to remain in the set position shown in Figure 4.7.

2. The real-time visualisation of the force distribution on the hand while grasping

the various GOs was shown in the GUI of the GVis. The output of the FSRs

was segmented in ranges and assigned to a colour spectrum (visually representing

the force), where light blue and saturated red respectively represented the lowest

and peak force (refer to Figure 4.8). By visualising the force distribution, the

participants could assess the progression of force, from light grasping to heavy

grasping. Also, the duration of testing (30s default), title and saving directory of

the data (in CSV format) could be adjusted before the start of each grasp.
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(a) GVis application calibration. (b) GVis application recording.

Figure 4.8: GVis graphic user interface.

The calibration of the FSRs was established through the use of 100g mass increments;

which was done up to a maximum of 1kg. Each FSR was calibrated individually

since the coupling disks acted as variable dampers. The calibration curves used for

each FSR are shown in Figure 4.9. Assuming environmental conditions insignificant;

the error associated with each voltage reading is ±2.5mV (half the resolution of the ADC).

Figure 4.9: FSR calibration curves.

As part of the two-fold communication protocol; the Arduino Mega 2560 PRO MINI

(client) output serial data was used. Each serial sample was a string of integer values

(FSR readings), separated by a comma and terminated with a unique trailing character.

Communicating through a designated COM port; the serial data was read in sequentially

with the stopping bit set to the unique trailing character. The factors which determined

the sampling rate of the force data were, the speed of the AnalogRead task and the

communication protocol baud rate. By measuring the loop time, it was concluded that

the AnalogRead task (taking 6ms per loop) was the most significant hindrance to the sam-

pling rate. The sampling rate was 167Hz, which was well below that of the sEMG sensors.
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4.3 Methodology

The methodology outlined in the following section is broken down to four stages, where

the first three stages are built on concepts outlined in Chapter 3. The first stage covers

the simultaneous acquisition of sEMG and force data. Most importantly focus is shifted

towards the acquisition of force data using the developed GVis application. The second

stage briefly summarises the aforementioned stance on sEMG data pre-processing and

introduces the force data pre-processing procedure undertaken. Stage three considers

the extraction of time and frequency-based features, which are linked to MUAP am-

plitude and MU firing rate, respectively. Upsampling (via linear-interpolation) is put

to use to ensure the sampling rates of the sEMG and force signals are coherent and

synchronised with one another. The last stage describes the approach used to develop

several regression models which include linear, regression trees, Gaussian process, SVM

and ANN models.

The outcome of the methodology is a logical and structured approach to producing

an acceptable sEMG-force regression model, which, when implemented, will serve as

the grip compensation component for the RPH. Each stage is summarized with a flow-

diagram before being presented in a step-wise manner. It should be noted that the

participants referred to in this chapter are the same as those employed in Chapter 3.

4.3.1 Electromyography

Concurrent with force data acquisition, sEMG signals were acquired much in the same

manner as described in Section 3.3.1. In summary, the procedure entails skin preparation,

target muscle palpation, sEMG sensor attachment and assessment, task definition, sEMG

data recording, MVC data recording, removal of sEMG sensors and batch converting of

recorded data. Elements of the procedure were adapted to suit the focus of this chapter;

hence each grasp was conducted for one iteration spanning 30s. Also, the MVC data

consisted of a single iteration, per participant, spanning 10s. Note that the duration of

the MVC iteration did not extend to 30s, but was limited to 10s to reduce fatigue-related

biases.

The pre-processing of sEMG data for the development of the sEMG-force model

follows the methodology explained in Section 3.3.2. Here the data is manipulated before

being filtered with a combination of bandpass and notch filters. Rectification is not

required due to the definition of the features intended on being extracted.

Feature extraction is explained in Section 3.3.3 and is loosely described as a process

in which underlying characteristics are retrieved from a signal. In the development

of the sEMG-force model, two features were selected, namely RMS and MNF. These

features represent the MUAP amplitude and firing rate, respectively. The mathematical

description of the features is given in Equation 4.1.14 and 4.1.15. This is calculated for

each window, refer to Algorithm 4 for the sliding window pseudo-code. Note that the

window and overlap length were kept constant throughout this dissertation that is 80ms

and 20ms. The features extracted from the pre-processed sEMG data are used as the

input to the regression sEMG-force model.
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4.3.2 Force

Muscle force generation is a result of neural stimuli that cause the movement of intermedi-

ate connective tissue which actively pull bones resulting in hand movements. Depending

on the type of hand movement required, a specific motor pool is activated to coordinate

muscle contraction for the specific hand movement accurately. The output from this

process, which is the skeletal muscle movement was measured using the developed GVis.

The process of force data acquisition is outlined in the section that follows.

4.3.2.1 Data acquisition

Force data acquisition is a process in which the outputs of skeletal muscle movements are

measured and recorded. From the explanation in the previous section, muscle movements

are transferred to the touch-sensitive glove, which has sensors attached to it. These

sensors, as outlined in section 4.2.1, measure the force generated by the hand during

different grasping actions.

The measured sensor contractions due to the hand movement can be transmitted to

the developed GVis. Also, due to the various contraction levels of the sensors on the

glove, different force magnitudes would be recorded. Different colour codes categorically

visualise these force results on the GVis depending on their magnitudes. Categorically

visualising the force results using the GVis assists in determining the endpoint of force

applied by the participant. This is achieved by continuously monitoring changes to the

colour codes on the respective FSR locations on the touch-sensitive glove. Figure 4.10

shows a summary of the data acquisition process, followed by steps detailing the process

of data acquisition.

Figure 4.10: Summary of force data acquisition methodology.

Step 1 As with GR, the methodology described in this chapter is contingent on receiving

ethical and registrar clearance (see Appendix; M190766). The ethical and registrar

clearance must cover the scope of the work being investigated, and no data

collection may commence before receiving them.

Step 2 The participant was instructed to put on the touch-sensitive glove. Care was taken

to ensure the FSRs were situated directly above the specified locations stated in

Section 4.2.1. The routing board was taped to the upper-arm of the participant

with the intent of improving the range of motion.

Step 3 After connecting the routing board to the processing system, the GVis application

was launched and the calibration process initiated. Once calibration was completed,

the status changed from start to end, and the calibration values in the line edit

were updated.

Step 4 The principal investigator demonstrated the various grasps, after which the dura-

tion, title, and save directory of the test were specified in the GVis application.
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Starting with 3 jaw chuck; the test was conducted for one iteration spanning 30s.

Again, a status of end signified the completion of the test. During the test, the

participant was instructed to vary the grip force from a light grasp to heavy grasp

(randomly). This was verified using the real-time force indicator in the GVis

application. The tests were repeated for the other grasps, namely cylindrical grasp,

hook grasp, lateral pinch, rest, spherical grasp and tip pinch.

Step 5 The routing board was disconnected and removed from the upper-arm after

verifying the force data. Finally, the participant was asked to remove the touch-

sensitive glove gently and was subsequently given hand sanitiser.

Step 6 Step 2 to Step 5 was repeated for a total of five participants.

4.3.2.2 Pre-processing

Once force data has been measured and recorded, the next step would be to classify

the data through a series of structuring and filtering processes. This data manipulation

process takes place in the GVis developed. The data is manipulated so that corrupt

and unwanted signals can be eliminated before the feature extraction process. Figure

Figure 4.11 shows a summary of the force data pr-eprocessing, followed by the steps

detailing force pre-processing. The class structures used for data structuring within the

GVis were developed using Python object-oriented programming. The filtering process

removes unwanted signal frequency bands that do not meet the criteria of the defined

threshold. The results from this process will be signals that are directly related to the

grasp force.

Figure 4.11: Summary of force data pre-processing methodology.

Step 1 The force data contained both calibrated force and raw analogue outputs. The

raw analogue data was used to verify the correct mapping (refer to Figure 4.9),

after which it was discarded from the dataset.

Step 2 The force data were batch processed using a high-pass filter, with a cutoff frequency

of 20Hz. By filtering the data, dynamic elements due to the grasping action were

attenuated, strictly limiting the relationship to be between sEMG and grip force.

Step 3 Manually initialising the recording of the force and sEMG data induced lag between

both signals. Thus, the data was adjusted on an individual basis to realign the

signals with one another.

4.3.2.3 Feature extraction

Feature extraction is performed using MATLAB programming software and is consid-

ered in this section. The features described in section 3.1.3 are applied to an sEMG

signal, thus extracting time-based features linked to MUAP amplitude. The MNF-based

features discussed in section 4.1.3 were applied to the force. These frequency-based
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features are linked to the MU firing rate. The method of feature extraction is coupled

with sliding windows and also Min-Max normalised to the MVC to improve classifier

robustness. Also, the data is up-sampled using the linear interpolation technique. This

ensures that signal sampling rates are coherent and synchronised with each other.

In odd cases where the maximum feature values from the MVC data were superseded

by the maximum feature values from the sEMG signal and force data, the maximum

feature value from the respective signal was used as the normalising divisor. Figure 4.12

shows a summary of the feature extraction methodology, which is expanded on in Step

1 to Step 3 below.

Figure 4.12: Summary of force data for feature extraction methodology.

Step 1 The disparity in sampling rate between the sEMG and force data was corrected by

employing the same sliding window process described in Algorithm 4, while main-

taining a window and overlap length of 80ms and 20ms, respectively. This process,

conducted in MATLAB, was initiated on the data from each FSR separately, with

a MAV feature calculated for each window.

Step 2 Temporally, the MAV force features were averaged across all FSRs, giving a global

indication of the grip force and forming the output force vector.

Step 3 Combining the output force vector with the sEMG RMS and MNF features

previously attained, resulted in an input-output matrix from which the regression

model was trained.

4.3.3 Regression

In this section, several regression models that map the sEMG signal to the force are

trained using MATLAB and compared. This process uses the input-output matrix

obtained from section 4.3.2.3 Step 3. The regression models are trained in such a

way that the force is the target dependent variable and the sEMG signal as being the

independent or predictor variable.

Figure 4.13 shows a summary of the regression modelling process that was followed in

this dissertation. The linear, regression trees, Gaussian process, SVN and ANN models

were all trained using the feature extraction matrix. The models are individually trained

until they meet the MSE requirements. Once the model’s MSE is reached, its results

are recorded and plotted for comparison with the other models. From the results plot,

the best regression model would be selected based on performance and will be used as

the gripcompensation component of the RPH.
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Figure 4.13: Summary of force data for the regression methodology.

4.4 Results and Discussion

In this section, the findings stemming from the development of the sEMG-force regression

model are dissected. The findings are contingent on the methodology described in Section

4.3 and split into data acquisition, pre-processing, feature extraction and regression. The

correlation of two features (RMS and MNF) and the grasp force is assessed separately.

Furthermore, the degree of linearity between the sEMG-based features and grasp force

is analysed. Within regression, several models are investigated and compared to an

NN-based model. Finally, a Simulink model is presented for real-time use in the RPH

control system.

4.4.1 Data acquisition

To develop a feasible sEMG-force regression model, it is imperative, to initially analyse

the raw data and make judgements accordingly. In this section, two data sources are

considered; however, greater significance is placed on the unestablished force data acqui-

sition results. Also, to formulate a unified sEMG-force model, the data was directed

towards principally investigating the dissimilarities between grasps and not participants.

The first source of data gathered through the sEMG data acquisition process (covered

in Section 4.3.2.1) and applied to this chapter, yielded raw data with similar offset and

noise characteristics, highlighted in Section v (see Figure 4.14). The sEMG signals were

observed to oscillate about the offset, residing in both the positive and negative domain.

During periods of sub-maximal isometric contraction (grasping), the raw sEMG signals

were noticeably more erratic and pronounced.

The sEMG data acquisition process yielded 30 data files, each amounting to 20s

worth of data per participant and grasp. To clarify; six grasps were investigated, with

rest being excluded due to the ineffectual associated force, for the five participants

concerned. With a sampling rate of 1926Hz, each 20s data packet amounted to 38520

individual samples per target muscle. Also, the samples were reflective of potential

differences, and the inertial measurements were disregarded. In preparation of the raw

sEMG data, the sEMG data was collated for each grasp, to test inter-grasp sEMG-force

linearity. The second source of data, which was gathered concurrently with sEMG

data, was that of force data. Following the methodology outlined in Section 4.3.2.1; the

touch-sensitive glove produced raw force data which indicated the level of grasp force

being applied by the participant.

An important consideration was maintaining contact between the FSRs and the

GO in question. As such, it was observed during the trials that the ink test accurately

indicated the most effective FSR locations. However, these locations were difficult to

maintain due to differences in the hand dimensions between participants. The placement

of FSRs on the touch-sensitive glove was then manually adjusted after each trial to
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resolve this.

Another important consideration was the variable deformation of the FSRs, induced

by the participant’s hand. The deformation occurred in the tail portion of the FSR and

was accounted for through an offset calibration in the GVis application. The offset was

observed to fluctuate between 5mV and 100mV and may be correlated to the size of the

participant’s hand, that is larger hands tend to deform the FSRs more, consequently

increasing the required offset.

The force data was made possible by calibrating the digitised FSR outputs according to

the calibration curves shown in Figure 4.9. The purpose of FSR specific calibration was

demonstrated in the consistency of accuracy across all FSRs, principally illustrating the

intended impartiality to the added coupling disks. Because of the FSRs lack of definition

above 10N (that is the calibration curve plateauing), a limitation is reserved for the

valid range of forces. Furthermore, the force data is limited to a smooth increasing and

decreasing (fused tetanus), fixed muscle length (isometric), submaximal stimulus and

contraction of forearm muscles for the identified grasps. Though it should be noted that

no contraction truly exhibits an isometric behaviour and that muscle length variation

will occur to some degree [180].

Spectral analysis validated the prominent low-frequency aspects associated with the

forces produced from grasping (0hz to 20Hz) [181]. As such, the sampling rate of the

touch-sensitive glove (41,5Hz) adequately captured the dynamic forces inherent in the

investigated grasps. However, it is pronounced that a faster sampling rate will reduce the

interpolation-related intervention required for upsampling. Faster sampling rates were

limited by the capabilities of the Arduino Mega 2560 PRO MINI, associated stability

delays and the delays attributable to the AnalogRead function. Another interesting fact

surrounds the allocation of timestamps to each sample. Accordingly, it was presumed

that a timestamp allocated by the GVis application would reduce the computational

requirements of Arduino. Albeit a correct assessment, background processes of the pro-

cessing system were found to introduce dynamic time warping. Thus, it is recommended

that the introduction of timestamps be dealt with on the real-time Arduino system.

The structure of the output force data summated to a ten column matrix, where the

first column captured time entries of time and each succeeding columns represented the

forces corresponding to the FSRs. In addition, the matrix was 24900 rows in length,

with each row representing a sample.

By visually comparing the force data with the sEMG data, it was observed that

a significant delay was present on a per-trial basis. This shows strong evidence that

the manual cueing of data capturing introduced a delay between the two data streams.

However, a portion of the delay is attributable to the inherent leading of the sEMG

signal, that is the signal leads the action. This delay is commonly referred to as electro-

mechanical delay and is suggested to be attributed to serial and parallel elements present

within the muscle, dampening the contraction velocity [182]. The electro-mechanical

delay is reported to be in the range of 25ms to 75ms, measured from the onset of

contraction.

An example of the lag observed in the trials is shown in Figure 4.14. Here the

force trails the sEMG signal by an average of 0.65s. Among other processes, the delay

was addressed during the feature extraction step, where peak to peak alignment was

performed. Also, shown in Figure 4.14 is the apparent offset of the sEMG sensor (noted

in Section 3.4.1) and the visually verifiable link between sEMG amplitude and force.
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Figure 4.14: Normalised raw sEMG and force signals.

4.4.2 Pre-processing

The pre-processing of the sEMG signals was split due to the requirements in the con-

struction of each feature. Firstly, for RMS, the process was kept mostly the same as

that described in Section 3.1.2; therefore, the results are similar. In summary, the

process involved a combination of data structuring, low-pass, high-pass and notch filters.

Full-wave rectification is inherent in the RMS equation (see Equation 3.1.1) and was

therefore omitted from the process. Also, it was found that PL interference remained

the same as that discussed in Section 3.4.2; however, changes were perceived in the

harmonics and background interference. The interference resulted in the notch filters

being shifted to 78.20 Hz and 226.32 Hz (an increased difference of 4.12Hz) while similar

notch strengths were maintained. The SNR of the sEMG data acquired in this chapter

was visually identical to that acquired in Chapter 3.

Furthermore, no quantifiable assessments of the SNR could be made. Secondly, for

MNF, the sEMG data was kept untouched, since it was observed that applying the same

low-pass, high-pass and notch filters as before, resulted in the degradation of the MNF

output and resembled white Gaussian noise, with no observed trend. Contrary to being

neglected in classification, the sEMG sensor offset was removed by detrending the data

(both RMS and MNF). This ensured that there was no offset in the regression fits.

To present a unified mapping of the APs and firing rate of the target muscle to the

grasp force; the sEMG signals were averaged for each sample. That is to say, that any

discretely sampled data point represents the averaged activity of the muscles investigated.

It should be noted that the summation of sEMG signals is equally viable as an indicator

of activity. Likewise, the force data were averaged, meaning the forces of the nine FSRs

were averaged for each sample. As previously noted, this was critical in attaining a

general overall representation of the grasp force initiated by the participants.

Due to the disparity in sampling rates between the sEMG and force data (with the

former being 46 times larger to the latter), it was necessary to employ upsampling of

the force data. Upsampling was achieved through linear-interpolation, where artificial

sample points were uniformly introduced along the gradient between any two consecutive

data points (as required). The resultant from upsampling, the data length increased

to 38520 samples per 20s trial, ensuring the sEMG and force data lengths were the
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same after window feature extraction. Furthermore, the resolution and anti-aliasing

properties were improved. As exemplified in Figure 4.14, the force data was noticeably

free from high-frequency noise, the cause of which may be attributed to the low sampling

rate. As such, the force data was not filtered, thereby avoiding the low-pass associated lag.

4.4.3 Feature extraction

Extracting features from sEMG data increases the information density and grants insight

into the relationship present between characteristics of interest. In this dissertation, two

features, namely RMS and MNF, were chosen due to their suitability in defining the

recruitment (indirectly through the sEMG amplitude) and firing rate of MUs. In Section

4.3.2.3 features in the time, frequency and time-frequency domain are mathematically

computed for a given window and overlap length. A sample of the results from RMS

feature extraction is shown in Figure 4.15. From these results, it was observed that the

offset reduced the baseline RMS. Also, the results are normalised to participant-specific

MVC data. This is particularly important to remove inter-participant variance.

For example, before normalisation of the RMS feature, a one-way analysis of variance

(ANOVA) indicated that there was a significant difference between at least one of the

participants p<0.001 (α = 0.05). At the same time, after employing normalisation,
there was little significant difference (P>0.05). Furthermore, it was observed that there
were differences in the peak values between grasps, which seemed to scale according to

the complexity of the associated grasp. A possible explanation of this may be due to

the averaging of sEMG signals across the six forearm muscles and the fact that they

have different fast and slow-twitch fibre compositions [180]. Further details on the

process taken to mitigate the effects are given in Section 3.4.3, where the output of

the sEMG-force model is adjusted depending on the classified grasp. Another critical

assessment is that the RMS is directly correlated with the force applied during the

grasping action.

Figure 4.15: RMS feature extraction.

For MNF feature extraction, a similar process of events unfolded. This included

computing the MNF with a window and overlap length specified previously concerning

RMS. The MNF features must be extracted from the unfiltered, pre-processed sEMG
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data. Shown in Figure 4.16 is a sample of the MNF feature extracted from the sEMG

data. In this figure, it is seen that the baseline MNF (30Hz, during rest) is approximately

a third of the peak MNF (85Hz). The significance of the baseline MNF may be due to

several reasons, including high-frequency noise; however, a more appropriate cause may

be that the resting state of the hand is in slight flexion. Also, during the trials, gravity

may have added to the activity of the muscles during a resting and/or set-position state.

An increase in force is reflected as an increase in MNF. In Figure 4.16, the MNF is

given in a normalised state due to reasons previously mentioned. Contrary to Chapter

3, the process of trimming each trial was not done. The reason being that any reflection

of activity within the force domain (0N to 10N) was beneficial in constructing the

regression model.

Figure 4.16: MNF feature extraction of sEMG data.

Brought to attention in Section 4.4.1; a delay was present between the sEMG and

force data. It was necessary to address the delay since regression cannot account for

past values and is driven by the error at any given time segment. Moreover, in this

chapter, the aim is to define the relationship between sEMG AP amplitude and grasp

force, and sEMG AP firing rate and grasp force, and not develop a transient forecasting

model. As mentioned, the delay was primarily due to the methodology and therefore, if

incorporated, would lead to the incorrect development of the sEMG-force model.

Also, neglecting to remove the electro-mechanical delay would place undesirable

constraints on the real-time capabilities of the RPH; therefore, the delay was entirely

removed. Removal of the delay, post-feature extraction, started with the utilisation of a

median moving average being applied to the RMS, MNF and force data. The window

size was heuristically adjusted using a smoothing factor of 0.15. This ensured that

periodic trends in the data and the impact of outliers was minimised. Furthermore,

it resulted in data which was smooth and had distinct peaks and valleys. This was

important since it meant that the corresponding peaks of the smooth RMS, MNF and

force data could be aligned and the path effectively transferred to the original data.

Put differently, the signal was segmented at each valley and the signals padded to align

the peaks. Each segment was truncated to retain the same number of samples. The

path transferred to the original data entails the padding amounts and locations, and the

details of truncation. Using a method such as warping would unrealistically augment

the data and introduce non-uniform sampling.
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4.4.4 sEMG-force regression models

It is suggested that different hand grasps produce different sEMG-force relationships

due to factors such as muscle length, moment arm and movement of the innervation

zones during grasping [106]. Therefore, to present a unified sEMG-force model for

the grasps investigated in this dissertation, the implications of such suppositions need

to be investigated. In response, this section analysed the degree of linearity between

the sEMG features and grasp force for each grasp, respectively. Then compares the

findings with those of a combined grasp analysis. Subject to the findings, comparative

regression models were developed based on the combined grasp data. The use of NNs in

regression-based applications are perceived to yield promising prospects, particularly in

the non-linear mapping of relationships [182]. In this dissertation, this perception was

investigated with aims of achieving an acceptable real-time sEMG-force regression model

for use in an RPH. Several comparative regression models were developed preceding

the NN regression model. These models served as performance-related benchmarks and

justified the need for NN trial hyper-parameter optimisation regression models.

4.4.4.1 sEMG-force linearity analysis

In presenting a unified sEMG-force regression model, one first needs to establish the

degree of linearity present between the sEMG features and force for the specified grasps.

Description of the linearity defines a point of reference, upon which the regression

models developed in this chapter are based. Table 4.3 shows the linear regression fits

for the investigated grasps. These fits do not include robustness techniques such as

least absolute residuals or bi-squared weights since it may be erroneous to exclude the

so-called outliers (defined according to a linear fit).

The fit is distinct for each sEMG feature and is specified in the relationship column.

Also, the extent of linearity for the specified relationship and given grasp is indicated by

the coefficient of determination. An equation representing the non-normalised linear

regression fit is provided in the last column. Here, the dependent variable is the grasp

force, while the independent variables are RMS and MNF. In Table 4.3, the relationship

which resembles that of a linear relationship is signified with the highest R2 measure.

Accordingly, this is found to be the RMS-force and MNF-force relationships of the

lateral pinch. Conversely, the RMS-force and MNF-force relationships for the spherical

grasp shows the least degree of linearity (reflected with a low R2). An interesting point

raised in Chapter 3, linking 3 jaw chuck and tip pinch, seems to be validated by the

fact that the gradient and y-intercept of the RMS-force and MNF-force relationships

are notably similar. This suggests that the same extrinsic forearm muscles were used to

accomplish the grasps.

From the results, it is clear that cylindrical, hook and spherical grasp, which are all

deemed power grasps, have the lowest linear sEMG-force correlations. This seems to

indicate that there is a link between the type of grasp and the level of non-linearity

observed between sEMG and force. This means that the grasps requiring multiple MUs

result in a more non-linear sEMG-force relationship or the muscles involved in power

grasp are non-linear. A possible explanation, which is based on the work by Raikova et

al., [183], is that a sustained power grasp leads to an asynchronous MU recruitment,

which in turn produces a non-linear relationship due to constructive and destructive

APs. The results for the linear regression of the combined grasps is given in the last two
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rows of Table 4.3.

The R2 suggests that the unified sEMG-force model, for the various muscles and

grasps is non-linear. Though an ANOVA of the R2 measures between the grasps shows a

significant difference (α < <0.05), the combination of the grasps is required for a unified
sEMG-force model. This will be accounted for in the non-linear models developed in

the subsequent sections together with a scaling factor that accounts for the averaging of

muscles and force sensors, respectively.

Table 4.3: Linearity between sEMG features and force.

Grasp Relationship R2 Equation

3 Jaw Chuck Pinch Force-RMS 0.8094 Force = (8424)×RMS − 0.3039
Force-MNF 0.7665 Force = (0.0485)×MNF − 1.3030

Cylindrical Grasp Force-RMS 0.6712 Force = (3361)×RMS + 0.0949
Force-MNF 0.6924 Force = (0.0531)×MNF − 2.1530

Hook Grasp Force-RMS 0.6044 Force = (5408)×RMS − 0.1642
Force-MNF 0.6278 Force = (0.0366)×MNF − 1.2280

Lateral Pinch Force-RMS 0.8839 Force = (6803)×RMS − 0.1722
Force-MNF 0.8240 Force = (0.0383)×MNF − 1.0110

Spherical Grasp Force-RMS 0.5228 Force = (4580)×RMS + 0.1842
Force-MNF 0.5140 Force = (0.0341)×MNF − 1.0230

Tip Pinch Force-RMS 0.7793 Force = (8219)×RMS − 0.3369
Force-MNF 0.7336 Force = (0.0425)×MNF − 1.1840

Overall Force-RMS 0.5902 Force = (3998)×RMS + 0.1978
Force-MNF 0.6215 Force = (0.0354)×MNF − 0.9616

The overall RMS-force equation stated in Table 4.3, is shown with the line of best fit in

Figure 4.17. Here, the RMS values for all grasps and participants are depicted, with

corresponding force. From Figure 4.17, it is clear that the relationship is non-linear

and that the data digresses from the linear fit, particularly for grasp forces exceeding

3.5N. The data shows that there is very little increase in the grasp force above an RMS

value of 8x10−5V, which is possible due to the saturation of the FSRs. Furthermore, the

data is clustered towards the lower spectrum of RMS, reassuring that the contractions

achieved were, by in large, confined to lower proportions of the MVC (at 15%; typical

of submaximal skeletal muscle contractions).

In the lower RMS regions (from 0V to 5x10−5V), the data seems to be more scattered

with a trend coinciding with an exponential function with two terms. While, for the

upper RMS regions (>5x10−5V), the data is closer and more linearly distributed. The

outliers improve generalisation and were, therefore kept. An example of the outliers is

shown in the pocket of data encompassing minimal force and substantial RMS. Most

importantly, an increase in RMS is perceived as an increase in force. In conclusion,

Figure 4.17 shows that the RMS-force relationship is non-linear, but not to a significant

degree.
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Figure 4.17: Relationship between RMS and force.

Similarly, the equation representing the linear regression of the MNF-force data is

illustrated by the line of best fit in Figure 4.18. An interesting deduction stemming

from the comparison of Figures 4.17 and 4.18 is that the MNF-force relationship is more

linear than the RMS-force relationship. However, both relationships show non-linear

trends comparable to an exponential function. In Figure 4.18, the cluster of data

bounded by 45Hz, 55Hz, 2N and 4N, represent the outliers. As shown through multiple

studies [184, 185], muscle fatigue is indicated by a shifting of the MNF signal to lower

frequencies. Hence, it may be presumed that the outliers may be a reflection of fatigue.

Since real-world applications may involve muscle fatigue, the outliers are kept and

form part of the generalisation of the models going forward. At the upper bound of

frequencies, the force lowers. Further research would need to be conducted to determine

the cause of this anomaly.

A physical interpretation of Figure 4.18 sees the increase in MU firing rate resulting

in a greater grasp force, that is an increase in MNF results in an increase in force. In

comparing Figures 4.17 and 4.18, it is seen that Figure 4.18 is more scattered. This

may be an indication that sEMG MNF is a feature which is more participant and grasp

specific. Thus, the R2 measure for the MNF force relationship of the overall grasp

in Table 4.3 may not be used to substantiate whether or not an overall model is advisable.

Figure 4.18: Relationship between MNF and force.

4.4.4.2 Comparative models

In order to justify the NN regression model implemented in this dissertation, several

other comparative models were developed and used as performance-related benchmarks.

These models predict the relationship between the sEMG and the force. The input-

output relationship, analogous to a transfer function, gives an equation that maps the

sEMG (independent variable) to the force (dependent variable). Table 4.4 shows the

performance indicators of the different comparative regression models developed. These

indicators are in the form of statistical good fit measures discussed in section 2.1.2.
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From the results in Table 4.4, all the comparative regression models developed have

an RMSE in the range 0.5-0.65. On average, the GPR models exhibit the lowest RMSE.

This shows that this model better predicts the output variable than the other regression

models. Similarly, due to the direct relationship between the RMSE and the MSE, this

model also produces the lowest MSE. These results can be attributed to the ability

of the GPR model to select covariance and hyper-parameters from the training data

directly.

The developed models can also be compared based on their speed of observation

and training time. Respectively, these performance parameters give an indication of

which models have stronger processing capabilities, and which ones are computationally

expensive. The regression tree (RT) models have the largest observation speed and the

smallest training time. This is because, in a regression tree model, it is not necessary

to input missing data, making it fast in observing data with missing values. Also, this

model requires less analysis and coding, making it easy to train.

Table 4.4: Performance of regression models.

Model RMSE MSE R2 SSE MAE

Observa-

tion Speed

(Obs/s)

Training

Time (s)

Linear 0.5922 0.3507 0.68 4115 0.4508 120000 4.37

Interactions

Linear

0.5788 0.3350 0.70 3932 0.4375 530000 0.48

Robust Linear 0.5956 0.3547 0.68 4163 0.4476 640000 1.19

Stepwise Lin-

ear

0.5788 0.3350 0.70 3932 0.4375 620000 1.06

Coarse RT 0.5614 0.3152 0.71 3699 0.3972 1000000 0.33

Medium RT 0.5897 0.3476 0.68 4081 0.4174 990000 0.55

Fine RT 0.6482 0.4202 0.62 4931 0.4553 610000 2.98

Boosted Tree 0.5474 0.2996 0.73 3516 0.3982 160000 3.08

Bagged Tree 0.5556 0.3087 0.72 3623 0.3944 77000 3.64

Linear SVM 0.5957 0.3548 0.68 4164 0.4469 100000 102.16

Quadratic

SVM

0.5816 0.3382 0.69 3969 0.4236 74000 502.22

Cubic SVM 0.6071 0.3686 0.66 4325 0.4352 70000 2348.20

Coarse Gaus-

sian SVM

0.5683 0.3230 0.71 3790 0.4011 32000 17.73

Medium Gaus-

sian SVM

0.5557 0.3088 0.72 3623 0.3836 47000 18.04

Fine Gaussian

SVM

0.5551 0.3081 0.72 3616 0.3847 47000 21.65

Rational

Quadratic

GPR

0.5412 0.2930 0.73 3438 0.3857 5000 183.58

Exponential

GPR

0.5420 0.2938 0.73 3447 0.3859 7300 126.20

Squared Expo-

nential GPR

0.5430 0.2948 0.73 3460 0.3870 7900 123.47

Matern 5/2

GPR

0.5409 0.2926 0.73 3433 0.3856 4800 132.48

106



4.4.4.3 Neural network model

The NN-based regression model discussed in section 3.4.4.2 was trained to map the

sEMG to force. This model was developed using the MATLAB framework and used

as a prediction function. The prediction results were then compared to the results of

the regression models discussed in the previous section. The training process of an NN

model seeks to obtain the relationship between sEMG and force by varying the number

of layers and neurons in the trained model.

Figure 4.19 shows the variation of force MSE with the number of hidden neurons

in the first layer. From the graph, it can be observed that there is a general decrease

in MSE with an increase in the number of hidden neurons. Increasing the number

of neurons allows the model to predict the output variable in smaller packages. This

is because, with more neurons, model flexibility increases as a result of having more

mathematical calculations within the layer. This process, in turn, improves model

accuracy, and thus cause a reduction in MSE.

It is also observed that as the number of hidden neurons in the first layer increases

above 5, the MSE becomes appreciably constant. This can be attributed to model

over-fitting, which results in a decrease in the generalisation capacity of the regression

model. Furthermore, it should be noted that having a large number of neurons in the

single-layer causes the model to be computationally expensive as a result of having to

do a large number of calculations.

Figure 4.19: Variation of force-MSE with first layer hidden neurons.

As previously explained, NN models can also have multiple layers and neurons. These

multiple layer models are usually implemented to improve model accuracies as they can

recognise different aspects of the input data. Figure 4.20 shows a surface plot of force

MSE as a function of the number of hidden neurons in the first and second layers of the

NN model. It can be seen that as the number of neurons in both the first and second

layers increases, the MSE tends to plateau around 0.295. This is similar to the trend

observed in Figure 4.19, which shows the effect of increasing layer one neurons on the

MSE and follows the same explanation. The plateauing observed in Figure 4.20 can be

attributed to the fact that for higher hidden neurons, the difference in training errors as

the number of neurons increases approaches zero. This is analogous to obtaining the

derivative of a polynomial curve for very small changes in the independent variable, that

is to say:

limx→0(
∂y1
∂x1

) = limx→0(
∂y2
∂x2

) (4.4.1)
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x and y are respectively, the large values of the independent and dependent variables.
From Figure 4.20, it can also be observed that this minimum MSE occurs when there

are eight hidden neurons in both the first and second layers of the NN model.

Figure 4.20: Surface plot of force-MSE as a function of number of hidden neurons, in the first

and second layers of the NN model.

When performing the different grasping actions, the participants’ muscle contraction

levels vary from the start to the end of each process. These differing contraction levels

are a result of the different commands from the central nervous system, causing changes

in MNF. Figure 4.21 shows the variation of force with MNF. From the figure, it can be

observed that there is a general increase in the predicted force as the MNF of both the

true and predicted results increases. The reason for this trend is that as new MUs with

high-frequency amplitude is recruited, the MNF will increase. This increase in MNF

will, in turn, cause an increase in force. Also, the muscle fibre diameter increases with

increasing MNF.

This increase in fibre diameter causes the muscle conduction velocity to increase,

in turn increasing the force. This phenomenon was validated by Gerdle et al., (1991)

[186], in which they investigated the effect of force generation and muscle fibre type

on MNF for knee extensors. Their study showed that there was a positive dependency

of the MNF and signal amplitudes of the knee extensor to the force. It can be seen

that the force prediction model was appreciably accurate when compared with the true

results with very little variance in output predictions. This also justifies the selection

and use of the NN model for RPH control. However, the observed differences between

the predicted and true results can be attributed to the grasping actions being done by

different participants. For the same MNF, muscle contractions between participants

may be different, resulting in different force results.
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Figure 4.21: Relationship between MNF and force of the NN model.

Muscle activation level can also be used as a measure of the predicted muscle force.

Muscle activation levels are analysed using RMS, which represents the time-domain

signal power. Figure 4.22 shows the variation of the model predicted force with the

RMS. From the figure, it can be seen that the predicted force increases with RMS. This

can be attributed to an increase in both MU recruitment and the firing rate of currently

active MUs. This neural activity, therefore, increases muscle signal power. A high-power

signal causes greater muscle contraction, which then causes a commensurate increase in

force. This phenomenon was validated by Cao et al., (2016) [187] by examining the force

load effects of sEMG signal features due to lateral arm movements. In their study, using

ANOVA, they found out that the load force had a notable effect on RMS. Furthermore,

from Figure 4.22, beyond RMS values of (>1x10−4V), it can be observed that the force

becomes independent of further increases in RMS.

Figure 4.22: Relationship between RMS and force of the NN model.

4.4.5 Simulink model

The Simulink model used was based on the results obtained from the regression analysis.

The chosen NN model was applied within the Simulink Deep Learning Toolbox and

used to map sEMG signals (RMS, and MNF) to force. This NN model was trained in

MATLAB and transferred to a Simulink block diagram using the gensim command.

4.5 Chapter Summary

In this chapter, different techniques used to estimate the force generated by muscle

contraction were developed. Firstly, extensive research into the origin of muscle force
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generation was conducted. This assisted in understanding the type of neural activity

occurring, and the resulting signal transferred to the appropriate muscle for contraction.

A methodology for extracting skeletal muscle movement data resulting in hand movement

was developed based on prior knowledge. A touch-sensitive glove together with a

MATLAB developed grasp recognition software were used to measure output signals

as a result of the different grasping tasks. Based on the recorded sEMG data and the

resulting grasp force; various force prediction models (both linear and non-linear) were

developed. These models were trained to map the sEMG signal (input) to the force

(output) data, thereby providing a mathematical relationship between force and sEMG

signals. The NN regression model provided the best force-sEMG signal relationship and

was selected for the development of the Simulink model for use in the RPH model.
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Chapter 5

Nonlinear Autoregressive with

Exogeneous Excitation Neural

Network System Identification of a

Shape Memory Alloy-Actuator
Towards an Artificial Muscle for a Robotic Prosthetic Hand

SMA actuators are increasingly being used as artificial muscles due to their exceptional

strain and power density properties. However, non-linear phenomena such as the shape

memory effect, pseudo-elasticity and hysteresis make it difficult to model these actuators

accurately. In this chapter, a novel closed-loop NARX NN electro-mechanical model is

developed using test-rig data to estimate the displacement of a stabilised SMA wire-based

actuator. In comparison to analytical and Finite Element Analysis (FEA) models, the

NARX NN model yields less error and better generalisation abilities. The inherent

time-delay of the NARX NN model effectively captures the hysteretic behaviour, further

substantiating its use for modelling SMA actuators.

5.1 Theory and Literature Review

Since nitinol was discovered in the early 1960s by Buehler et al., [188], SMAs have

influenced many fields of research including robotics, aerospace, structural and biomedi-

cal. Particularly, in the field of robotics, the use of SMAs has been geared towards the

development of micro-actuators and artificial muscles [189]. In this chapter, the use of

the latter is explored in actuating an RPH. Figure 5.1 presents a simplified illustration

of an SMA-based artificial muscle, that is connected to the phalanges of an RPH finger.

The highlighted region in Figure 5.1 defines the experimental scope of this chapter.

Specifically, modelling the displacement of an SMA actuator under the influence of

various power and loading conditions. SMAs are a class of smart materials which recover

their original shape in response to a stimulus. This recovery is exploited in an RPH

to actuate flexion of the finger. Often it may not be feasible to test the implications

of using different control parameters on the actual system. Therefore, analytical and

computational models are developed to behave similarly.

Recently, it has been shown that computational models produce better results, possibly
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Figure 5.1: RPH finger actuation using an SMA wire and bias spring assembly. Resistive

heating triggers a displacement from rest to an actuated state.

due to the lack of parameter estimation common in analytical models [190]. In this

section, the principles of phase transformation and the non-linear mechanisms governing

the displacement of NiTi (nickel-titanium composition) SMAs are discussed. Also, the

types of SMA actuators, selection criteria and series and parallel NARX NN modelling

of transient SMA systems are introduced.

5.1.1 Fundamentals of SMAs

As previously mentioned, SMAs undergo macroscopic recovery of large deformations.

This occurs in response to either temperature or magnetic changes. In practice, SMAs

which respond to temperature changes are far more commonly used, since they are

arguably less susceptible to electromagnetic noise in robotic systems and do not require

the use of bulky magnets or coils. Therefore, going forward only temperature-based

SMAs, in particular NiTi alloys, will be discussed.

It is the microscopic behaviour of SMAs that give rise to the observed macroscopic

behaviour. SMAs undergo a diffusionless thermo-elastic phase change from martensite

to austenite. The former is thermally stable at low temperatures, while the latter is

thermally stable at high temperatures. This is responsible for the memory and spring-like

behaviour of SMAs [191]. In material science, the memory-like behaviour is referred to

as the shape memory effect, while the spring-like behaviour is known as pseudo-elasticity.

This phenomenon may be visualised in the example shown in Figure 5.2.

In Figure 5.2, there are four distinct states, namely A, B, C and D. In order, these
states are no-load, load, heating and cooling. Considering a one-way SMA wire, from

A to B, a load is applied which pseudo-elastically stretches the SMA. Heat is then
introduced from B to C, changing the material phase and recovering the deformation
through shape memory. Upon cooling from C to D, the load again stretches the SMA.
Without a load, the process from C to D closes the hysteretic loop. These phenomena

determine the rate of expansion or contraction of an SMA. In Figure 5.2, the terms `e
and `Res denote the recovered and residual lengths, respectively and will be discussed

later. In the subsequent sections, the shape memory effect, pseudo-elasticity, hysteresis

and cycling are discussed. Also, the types of SMA actuators are reviewed with examples

of operating conditions including rate of loading, composition, ambient temperature,

stress and strain.
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Figure 5.2: Stress-induced martensite formation and thermally-induced strain recovery in an

SMA wire during initial cycling.

5.1.1.1 Shape memory effect of NiTi alloys

Metals or metallic alloys are ordinarily comprised of crystal lattices such as Face Centred

Cubic (FCC), Body Centred Cubic (BCC) or Hexagonal Close Packed (HCP) crystals.

When these crystal structures are deformed, defects within the crystal structure known

as dislocations, propagate along the slip plane in the direction of the shortest lattice

translation vector (slip direction). This causes irreversible changes in the order of the

atoms within the lattice and differentiates common metals or metallic alloys from SMAs.

One of the reasons why SMAs remain intriguing is due to the phenomenon known

as the Shape Memory Effect (SME). This effect considers the reversibility or rather

memory of an alloy after being elastically deformed. The SME may be explained by

considering the NiTi alloy stress-temperature phase diagram depicted in Figure 5.3a.

Starting at A, the NiTi alloy is in a twinned martensitic phase. This phase is associated

with a crystal lattice that is both symmetrical and consists of an ordered rhombus

arrangement of atoms. Moreover, this arrangement is only possible at temperatures

below the final martensitic forming temperature (M f).

(a) Phase diagram. (b) Phase transformation process.

Figure 5.3: NiTi stress-temperature diagram. [192]

From A to B, a process of loading takes place, in which stresses such as axial, bending,

torsion and shear, cause plastic deformations in the crystal lattice. The de-twinning

process is initiated when the combined induced stress exceeds the transition stress (σs)

and is completed at the de-twinning stress (σf). Unlike common metals or metallic

alloys, the structure remains ordered after being loaded. Specifically, any change in a

region of the lattice structure is mimicked by the entire lattice.
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After being unloaded in the transition from B to C, the NiTi alloy regains some of

the plastic deformation equivalent to the elastic modulus, while retaining the de-twinned

martensite structure. In instances of axial unloading, the NiTi alloy typically maintains

between 2% to 6% elongation. At point C, all SMAs are in a pre-actuation step, where

external influences such as temperature or magnetism may trigger a response.

NiTi is a thermo-responsive alloy; therefore, the process of heating which occurs

from C to D, results in the transition to austenite, also known as the reverse phase

transformation. Austenite is slightly denser in comparison to martensite, which means

that there is a relative change in volume during the transition. The volumetric change

is beneficial in cases where contraction is the main mechanism of actuation but leads

to a reduction in stroke when expansion is considered. Heating beyond the austenite

starting temperature (As), causes the de-twinned martensite to re-orientate into the

pre-programmed geometry. This memory of the original geometry is the crux of the

SME and is exploited in the creation of SMA actuators. Consider, for example, a NiTi

alloy wire that has been plastically elongated. When heated, the wire wants to return

to the original length, in turn creating a contractile force. The complete transition to

the austenitic phase occurs at the final austenitic temperature (Af).

Finally (from D to A) the NiTi alloy is allowed to cool. Upon reaching the martensite

starting temperature (M s), the austenite starts transforming into one of the variants of

twinned martensite. There are 24 NiTi variants, and the choice variant is subject to the

preservation of the macroscopic geometry of the alloy, that is the dimensions of the NiTi

alloy are kept constant. The complete formation of twinned martensite occurs at M f .

The graphical interpretation of the processes is shown in Figure 5.3b. Notably, the shape

memory effect is depicted in the inelastic recovery of strain from E to F . In reality,
the conditions of isothermal loading and isobaric cooling, shown in Figure 5.3b, are

hardly seen. Instead of loading, heating, cooling and unloading occur in superposition

to one another. Two other points worth noting are the thermal expansion and latent

heat taking place during heating and the effects of loads and composition on the phase

start and final temperatures.

Looking at the stress-strain-temperature phase diagram shown in Figure 5.3b, the

first point may be partly noted as a non-zero strain at F . The effect that load has
on the transition temperatures corresponds with an increase in load to a proportional

increase in the transition temperatures. For no-load cases, the mass fractions of nickel

and titanium are said to influence the transition temperatures. Frenzel et al., [193]

showed through the use of scanning calorimetry and density functional theory that an

increase in the mass fraction of nickel seems to decrease the activation temperatures.

Furthermore, Frenzel et al., touched on the analysis of latent heat and concluded that

similar twinned martensite and austenite crystal lattices yielded less latent heat.

To sum up, the SME is an integral phenomenon that sets SMAs apart from common

metals or metallic alloys. The memory-like property means that a stimulus like resistive

heating may be used to induce a change in the geometry. This may be incorporated into

actuators which behave like muscles and can subsequently drive the movement of an RPH.
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5.1.1.2 Pseudo-elasticity of NiTi alloys

The pseudo-elastic phenomenon exhibited by SMAs is described by the ability to recover

large strains under isothermal conditions above Af through a process of phase transfor-

mation. This ability makes SMAs particularly useful in construction applications geared

towards seismic vibration damping. More importantly, this phenomenon is what allows

SMAs to achieve the strains necessary to actuate an RPH and mimic the behaviour of

skeletal muscles without plastically deforming. A distinct difference between the SME

and pseudo-elasticity is highlighted by choice of the independent variable. Specifically,

in the case of the SME, it is the temperature, while in pseudo-elasticity it is the stress.

The exact mechanism behind pseudo-elasticity in SMAs may be illustrated with the

aid of Figure 5.4. Depicted in Figure 5.4 is the stress-strain behaviour of an SMA under

isothermal conditions above Af at a no-load reference. Commencing from A the SMA is

in a stable parent austenitic phase. Upon introducing a load, the austenite present at A

undergoes elastic deformation proportional to the Austenitic Modulus (EA) until the

yield stress is reached. This corresponds to the process from A to B. The yield stress is

signified with a sudden change in the stress-strain slope.

Figure 5.4: Stress-strain behaviour of an SMA under isothermal conditions [194].

The path from B to C addresses the pseudo-elastic behaviour of SMAs and is associated

with a combination of super-elasticity and a rubber-like property [195]. In general,

the rubber-like property corresponds to the reverse re-orientation of martensite and

negligibly contributes to the overall strain; thus, pseudo-elasticity is sometimes regarded

as super-elasticity. The pseudo-elasticity from B to C increases in inelastic strain, com-

monly in the vicinity of 6% for NiTi alloys, while the stress remains almost constant. The

stress at which pseudo-elasticity occurs in the forward and reverse phase transformations

is denoted in Figure 5.4 as σupper and σlower. These transformations shift to different

stresses depending on the temperature (see Section 5.1.1.3). Upon further loading from

B, the austenite starts becoming less thermodynamically stable. The austenitic crystal

lattice augments itself with the inclusion of single variant martensite pockets to reach

stability. This formation is also known as stress-induced martensite. The proportion of

de-twinned martensite increases as the load increases and reaches complete de-twinned

martensite at C, which is signified by a much steeper slope. Though, in reality, some

regions of austenite are still present.
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Ordinarily, SMAs are not loaded past C due to an increase in hysteresis and poor

fatigue life. This not only makes SMAs less durable but also increases their non-linearity,

which in turn affects the modelling of SMAs. Therefore, for the control of an RPH to be

effective, the SMA needs to be limited to the stress at C. Furthermore, the path from C

to D occurs due to an increase in the applied stress and results in the elongation of the

de-twinned martensite. The theoretical recovery limit is found at D, any further loading

beyond this point will result in plastic deformation and increased residual stresses.

Unloading from D to E results in the recovery of the elastic strain of the de-twinned

martensite. The recovery rate is proportional to the martensitic modulus (EM) and is

substantially lower than the austenitic modulus. This results in possible larger strains for

the NiTi alloy in the martensite phase. Šittner et al., [196] showed through macroscopic

stress-strain curves, x-ray diffraction and theoretical predictions that the austenitic

modulus was almost twice that of the martensitic modulus. Though, it should be noted

that the x-ray diffraction yielded some inconclusive outcomes.

Further unloading of the NiTi-based SMA (path E to F) results in the reverse transforma-

tion phase and the recovery of large strains. The recovery is linked to the linear increase

in transition temperatures as the stress increases. This means that unloading from E

lowers the transition temperature of austenite and therefore allows its formation. This

path sees the transformation from a monoclinic B19’ crystal structure to a rhombohedral

cubic distorted austenitic phase (R-phase). At F, the stress-induced martensite is fully

converted into austenite at the end of the elastic region.

The final step in the pseudo-elastic loading cycle takes place between F and A, where

further unloading results in the elastic recovery of the martensitic phase. As shown

in Figure 5.4 and denoted as Elr, in reality, the strain is never fully recovered due to
residual strains stemming from the heterogeneous existence of both phases during the

transitions. Another important factor to consider is the effect of temperature. In the

previous discussion of pseudo-elasticity, it was taken that the temperature remained

constant above Af . However, as shown in Figure 5.4, the pseudo-elastic cycle changes

as the temperature increases, and generally, the cyclic behaviour shifts towards lower

strains and higher stress. Also, the effect of reprogramming the SMA becomes more

apparent over prolonged use at higher temperatures.

In conclusion, pseudo-elasticity is a highly important aspect of SMAs, which make

them suitable for use in RPHs. For example, a 200mm NiTi wire with a maximum

strain of 6% should yield a stroke of 12mm, which caters for the complete flexion of

fingers from a set position. Nevertheless, the pseudo-elasticity of SMAs in isolation does

not exhibit the full capabilities of an SMA and needs to be combined with the SME to

provide meaningful actuation.

5.1.1.3 Cyclic and hysteretic response of SMAs

The cyclic behaviour of SMAs refers to the repetition of mechanical or thermal stimuli

through a process of loading and unloading. This creates major and minor hysteretic

loops depending on the load path taken. For example, in the major loop shown in Figure

5.5a, the SMA is driven to its maximum stress at a temperature above Af . The region

encompassed by the major loop defines the solution space, while the area remains an

indication of the energy dissipated during the cycle (hysteresis). Considering Figure
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5.5b, it is possible to observe the effects of load cycling. As the cycles increase, the

deviation from the previous cycle decreases. Also, the cycle tends to shift towards higher

starting strains. This is thought to be due to the accumulation of residual strains or

defects present within the SMA over the number of cycles.

Important to notice in Figure 5.5b is the slowing down or saturation in the deviation

of the stress-strain curve at higher cycles. This saturation corresponds to hysteretic

stabilisation and is a significant factor which should be accounted for in SMA actuator

modelling. Stabilisation may be affected by the processing history, loading conditions

such as the rate of loading, composition and the number of loading cycles. Additionally, if

the load path is repeated, the hysteretic stabilisation of an SMA results in the formation

of a two-way SMA instead of a one-way SMA. It may be beneficial in the control of

SMAs to reach hysteretic stabilisation. The reason being it reduces the uncertainty and

non-linearity associated with tracking, while at the same time decreasing the energy dis-

sipated, yielding a more efficient SMA. Nevertheless, in applications involving damping,

SMAs with large hysteretic major loops are preferred since they are capable of getting

rid of vibratory energy through super-elasticity.

(a) Major and minor hysteretic loops. (b) Effects of load cycling on hysteretic loops.

Figure 5.5: SMA stress-strain behaviour [197].

Hysteresis is a term used to describe the effect of system history on the current state

of the system. Specifically, in the stress-strain diagram shown in Figure 5.5a, for any

given strain, there are two corresponding stresses and vice versa. This indicates that

SMAs are time and process-dependent, where the subsequent state is contingent on the

previous states plus some change. Hysteresis is caused by the internal friction occurring

at the martensite-austenite interface as well as the deformation of twinned martensite

due to nucleation, rotation and shrinking. The hysteretic error is denoted in Figure

5.5a as He, represents the maximum difference between the reverse and forward phase

transformation.

For the minor loop (Figure 5.5a), the SMA is loaded and unloaded such that only

partial transformation from one phase to another occurs. These internal loops are typi-

cal of SMA actuation and have a parameter called return point memory (RPM). This

parameter quantifies the difference between the minor and major loops, upon returning

to the same loading path. In the book by Lagoudas et al., [198], thermo-mechanical

cycling is said to have the following influences on both major and minor hysteretic loops:
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(1) The stress required to start the transformation between phases is lower.

(2) There is an increase in transformation hardening due to an increase in the disloca-

tion density.

(3) There is a reduction in the hysteretic error.

(4) The net transformation strain is reduced.

In summary, the coupled cycling and hysteretic behaviour of SMAs are highly important

to the accurate modelling of SMAs. In general, SMAs display a variety of cyclic and

hysteretic responses, which may be due to changes in the resistivity in the case of a wire

SMA. However, the variation in these responses seems to decrease with increasing cycles.

Therefore, in an application such as an RPH, it is advised that the SMA actuators

undergo a breaking-in period, such that the behaviour of the actuator becomes more

deterministic.

5.1.2 Time-series modelling with NARX NNs

systems. This is because they are vital in ensuring the stability, disturbance rejection

and noise attenuation properties of the system while undertaking a specific goal. Often

the use of different controllers and tuning parameters cannot be directly imposed on the

system due to the constant supervision requirements or the risk of damaging the system.

Therefore, models are developed to simulate the behaviour of the plant and actuator,

upon which different control, optimisation, supervision and fault detection structures

can be tested [199]. Since the quality of the model determines the outcome of the final

solution, it is favourable for the model to reflect the behaviour of the system directly.

System identification can be performed on either linear or non-linear systems, by use

of either white, black or grey-box models. Due to the properties discussed in Sections

5.1.1.1, 5.1.1.2 and 5.1.1.3, SMAs are inherently non-linear and accordingly require

non-linear modelling techniques. Also, hysteresis and cyclic-induced creep of SMAs leads

to non-stationarities, which can only be account for through transient modelling. In

this chapter, a NARX NN model is used to identify the dynamics of an SMA actuator,

such that it may be used in the simulation-based design of an RPH control system.

Consequently, this section deals with the theory and literature review of NARX NNs.

Similar to an RNN, a NARX NN seeks to introduce delayed feedback (tapped delay

lines) to capture short and long-term dependencies. However, these networks differ

from RNNs, such that the source of the feedback is the estimated output and not the

internal state. In other words, current and past estimated output states are used for

one-step-ahead output prediction. This means that hysteresis and the effects of cycling

are retained in the time-delayed memory of the network in terms of an SMA actuator.

NARX NNs also include delayed exogenous inputs which are correlated with the output

and therefore have a significant impact on the model behaviour. An advantage of a

NARX NN lies in the ease of training. This is related to the first of two modes of a

NARX NN, which is discussed next. The first mode, shown in Figure 5.6a, is known as

the series-parallel or open-loop mode.
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(a) Open-loop mode.

(b) Closed-loop mode.

Figure 5.6: NARX NN model structure [200].

This mode defines the structure of a NARX NN during the initial training phase and

in cases where the true output is known (by some sensor). An advantage of using this

structure during training stems from the fact that it is representative of a feedforward

network and therefore can be trained using common backpropagation techniques. Like a

standard NN, the weights and biases are updated according to the gradient of the error

between the true output and the estimated output. In Figure 5.6a, X(t), Y (t) and Y ∗(t)
represent the exogenous input, true output and estimated output, respectively. The

functions f and g are arbitrarily chosen activation functions; however, a ReLU activation

function is most commonly used for the output. This choice of activation function ties

in with the positive displacement output of an SMA actuator.

The second mode, shown in Figure 5.6b, represents the parallel or closed-loop mode

of a NARX NN. Here, the next estimated output is based on the current and past values

of the exogenous inputs and past values of the estimated output. In system identification,

the parallel mode is typically used to define the black or grey-box system model, since

the true output is unknown. Through a process similar to transfer learning, the updated

weights and biases from the open-loop mode are used in the closed-loop mode. As noted,

training in an open-loop mode is far more computationally efficient; however, using

the weights and biases acquired through open-loop training in the closed-loop mode

generally lowers the performance. Consequently, closed-loop modes are often retrained,

using the open-loop parameters as starting points.

5.1.3 Past SMA actuator models

Various SMA actuator models have since been developed for robotic system applications.

These different models are developed in order to optimise device performance. This is

achieved by improving the device’s intelligent control technique, rates of heating and

cooling, and selecting the most suitable shape.

Liang and Rogers [201] developed a novel mathematical SMA force and displacement

actuator model based on the constitutive thermomechanical relations. In this study, the
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transient response of both the bias spring and differential force actuators were analysed

together with their hybrid systems. In these actuators, heating is an active process,

and thus the cycle time is more of a function of the passive cooling process. Therefore,

the differential force actuator showed a faster transient response due to the presence

of the active reformation element. By further performing a numerical simulation of

SMA actuators, they showed that the coupled analysis has a larger hysteresis than the

decoupled analysis. Numerical simulations also proved that during phase transformation,

the superposition principle could not be applied for as long as the material is made up

of more than one phase.

Dutta et al., [202] also developed a mathematical model for an electric current-driven

SMA spring-based wire actuator. In this model, the working of the actuator was based

on heat convection, electrical resistance, and stress-strain variations during the phase

transformation process. Independent sub-models were developed for each phenomenon.

The phase transformation process had a significant temperature hysteresis and therefore

required a differential hysteresis model to depict both minor and major loops appropri-

ately. This hysteresis model enabled the SMA actuator model’s differential inverse to

be obtained. Finally, a feedback control system with inverse feedback was proposed and

validated using simulation results. By using an inverse compensator and PD feedback

controller, tracking accuracy was improved. The major advantage of this model is

that for any temperature profile, unlike the Preisach models, only four parameters are

required to generate both minor and major loops.

Terriault, and Brailovski [203], integrated the simplified Likhachev’s micromechanical

model with ANSYS in order to simulate the system response of an SMA actuated mor-

phing wing that is directly controlled by Joule heating. In their study, the Likhachev’s

formulation is integrated into an electro-thermal ANSYS model in order to simulate

SMA actuator temporal response as a result of direct Joule heating. This study provided

vital information such as heating and cooling rates, electric current, as well as the

actuation force and stroke. This information was vital in the design of a suitable wing

prototype.

5.1.4 Literary relevance and conclusion

The use of SMAs plays a significant role in the design of actuators for use in robotic

systems. By taking advantage of their displacement response due to various loading

conditions, the SMAs can be used in artificial muscles. The Pseudo-elastic and shape

memory effect are the most important properties for SMAs that allows them to actuate

muscle movement. The pseudo-elastic behaviour allows the SMA to achieve very

large strains under the influence of a mechanical load. The SME allows the SMA to

return to its original shape after undergoing elastic deformation due to a stimulus like

resistive heating. These combined effects are taken advantage of in SMA actuators to

accomplish an effective actuation. As these actuators are always in continuous use when

in operation, it is of paramount importance to understand their cyclic behaviour so that

error estimation and elimination methods are developed and implemented. Using ANN,

the response of an SMA actuator can be modelled for effective control, optimisation,

disturbance rejection and noise attenuation, whilst performing the intended task.
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5.2 Experimental Facilities

Both the input power and output displacement were recorded using the constructed

test-rig and advanced serial data logger. The input power was accessed through an

INA219 current and voltage sensor. The sensor was connected via an I2C bus to

an Arduino, where embedded code queried the voltage and current across the shunt

resistor (see Digital Appendix for code). The voltage and current were subsequently

used to determine the power applied to the SMA actuator. An incremental optical

encoder, in conjunction with an Arduino, was used to determine the displacement of

the SMA actuator. Quadrature encoding meant that both the direction and position

were accounted for and that the resolution could be scaled up by a factor of four. For a

more detailed explanation of the instruments as mentioned earlier and procedures refer

to Appendix 10.

5.3 Methodology

This section describes the methodology undertook in modelling the behaviour of the SMA

wire. SMA response due to the various input signals was modelled using three different

displacement prediction methods. The first approach used analytical methods to obtain

the SMA response. In this method, constitutive mathematical equations were used to

derive the SMA displacements as a result of Joule heating. The methodology followed

during analytical modelling is presented in section 5.3.1. Next, an FEA approach was

developed using ANSYS to model the response of the SMA using a coupled static-

structural and steady-state thermal analysis. The FEA modelling procedure presented

shows the material property definition and associated model boundary conditions. The

results from FEA modelling enabled a visual interpretation of the effect of various input

loads on the wire by viewing the graphical results in the ANSYS solution component.

Lastly, a Simulink model was developed in the MATLAB environment to capture the

response of the SMA under the same input conditions as the mathematical and FEA

models. For the Simulink model, the step, pulse, pulse-train, and sinusoidal power

inputs were used to capture the hysteretic behaviour of the SMA.

5.3.1 FEA Modelling

A three-dimensional FEA model of the SMA wire proposed by Auricchio [204, 205] was

conducted using ANSYS workbench built-in library. This model was used to capture

the behaviour of the SMA wire used under different loading conditions. In order to

model the full behaviour of the SMA due to both the power and mass inputs, coupled

static-structural and steady-state thermal models were implemented in ANSYS. The

static structural model was used to obtain the macroscopic behaviour of the wire. This

was then transferred to a steady-state thermal analysis to obtain the thermal stresses

developed in the model as a result of resistive heating from the power input. The

deformations that arise from these two processes in actual case give rise to the actuation

capabilities of the SMA wire when used in an RPH. This section outlines the procedure

adopted for the development of the FEA model.
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5.3.1.1 3D CAD model and meshing

Before starting the simulation, the SMA wire geometry is developed in ANSYS Design

modeller, and the model broken down into simple discrete elements. In these small

elements, the constitutive mathematical equations are used to approximate the response

of the wire due to an external disturbance Figure 5.7 shows the mesh details of the

SMA wire model. The wire is 105mm long and has a diameter of 0,305mm. The

mesh structure has 9647 elements, 50908 nodes, with the wire modelled as a solid (226)

element. In order to accurately capture the gradients across the model structure, a

uniform fine mesh with quadratic element order was selected.

Figure 5.7: Mesh details of SMA wire model.

5.3.1.2 Material properties and boundary conditions

The material properties of the SMA were chosen based on the work done by Souza

et al., (1998-ANSYS docs). Their study investigated the effects of thermal stress on

phase transformation with classical thermodynamics irreversibility. This model was

used to derive the underlying features of SMAs undergoing multi-dimensional stress

states. Table 5.1 shows the selected material properties of the SMA wire that were

used in this study, initialised via the Engineering data material property command in

ANSYS-Workbench. The constants in the table describe the stress-strain response of

the SMA during cyclic thermal loading. Furthermore, the model boundary conditions

used and inputs are shown in Figure 5.8. These boundary conditions impose constraints

on certain locations of the model.
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Table 5.1: Mechanical and thermal properties of the NiTi wire uses in the Ansys model [204].

Property (unit) Specimen A

”Elastic modulus” of austenite (MPa) [205] 51700

Elastic modulus of martensite (MPa) [205] 42000

Poisson’s ratio [206] 0.3

Hardening parameter, H (MPa) [205] 85

Elastic limit, R (MPa) [205] 192

Temperature scaling parameter, β (MPa.◦C−1) [205] 5.6

Maximum strain (mm/mm) 0.04

Loading Temperature, TSIM = Ms +∆T1,TR = Mf −∆TII (
◦C) 45

Density (kg.m−3) [209] 6450

Thermal conductivity (W/m.◦C) [207] 18

Average heat capacity (J/kg.◦C) [207] 320

Martensite finish temperature, Mf (
◦C) [205] 50

Martensite start temperature, Ms (
◦C) [205] 85

Austenite start temperature, As (
◦C) [205] 90

Austenite finish temperature, Af (
◦C) [205] 115

Figure 5.8 shows the imposed boundary conditions at different locations on the SMA

wire. The initial temperature of the wire was set to ambient (23◦C). The convection

coefficient was calculated using Equation 5.4.4 to enable heat dissipation from the wire.

The macroscopic response of the wire due to the mass was modelled using transient

structural analysis. This analysis was then coupled with a transient thermal analysis to

include the resistive heating boundary conditions through coupled-filed physics. At this

stage, it should be noted that in order to model the full shape memory effect of the wire,

the structural and thermal loads were applied alternately. In order to accurately model

the motion of the wire during the cycles, a remote displacement was imposed on one end

of the SMA (Power input boundary). By doing this, the wire displacement would just

be the calculated displacement of the surface on the opposite end (Force input boundary).

5.3.2 NARX NN SMA actuator model

5.3.2.1 Data acquisition and pre-processing

SMA data acquisition is a process in which the output displacement of the wire due to

various input signals are measured and recorded. Pre-processing of the measured results

is accomplished in order to remove any unwanted signal properties before the data is

used in the training of the NARX NN model. Figure 5.9 shows a summary of the data

acquisition and pre-processing flow diagram, followed by the detailed steps.

Step 1 Connect the SMA to the power input source, and make sure there is sufficient

working space to allow SMA displacement in the different directions.

Step 2 Switch on the power input, and at the same time apply the mechanical load for

about 5-10 s. While maintaining the mechanical load, quickly increase the power

input in
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Figure 5.8: SMA wire model supports and boundary conditions.

Figure 5.9: Data acquisition and pre-processing.

Step 3 Measure and record the SMA displacement using the Arduino and incremental

encoder. Increase the power input by 1W up to 19W, and repeat Step 2 while

maintaining the same mechanical load.

Step 4 Increase the mass by 100g until it reaches 1000g, and repeat Step 2 and Step 3.

Step 5 When all the data has been measured and recorded, a moving average filtering

is applied to lower down and smooth out unwanted signal noises. Data shuffling

is done to remove any periodicity that may cause poor model training. Lastly,

segmentation and shifting of the data set is accomplished to remove negative or

non-zero offset.

5.3.2.2 Model structure, training and optimisation

In this process, the structure of the model used in the training process was selected. This

model was selected in the Simulink environment and assigned its respective parameters

based on system requirements. The model was trained to predict the input-output

relationship of the SMA using both the open and closed-loop systems. Figure 5.10 shows

a summary of the steps followed during the model training and optimisation process.
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Figure 5.10: Model training and optimisation process.

5.3.2.3 Model validation

In this process, the performance of the selected neural network is investigated. This is

accomplished by examining the system response due to excitation from various known

input signals. The process is similar to section 5.3.2.1 but without any further pre-

processing steps.

5.4 Results and Discussion

5.4.1 Analytical SMA actuator model

In this section, two of the most popular SMA actuator models are developed that

mathematically describe the response of an SMA due to distinct input signals. The first

model describes how the actuator displacement depends on the temperature as it is

electrically activated. The developed model is based on the assumption that the only

heat entering the system is from the input power source. The second analytical model

describes the actuator response as it is thermally activated.

5.4.1.1 Thermo-electrical behaviour of a SMA wire

In this section, a thermo-electric analytical model of an SMA wire is presented. The model

and concepts discussed will remain brief since the model is only used as a theoretical

baseline, with the main focus attributed to the ML-based system identification of the

SMA actuator. The thermo-electric behaviour of an SMA wire can be expressed in the

form of a transient heat transfer model. This model relates the input energy stemming

from resistance or Joule heating (that is, induction or an external heat source) to the

temperature of the SMA wire over time. Moreover, the heat transfer model is used in

conjunction with the thermo-mechanical model to create an analytical solution that

describes the relationship between input energy, input stress and output strain.

Depicted in Figure 5.11 is the boundary of the heat transfer model. This is defined

as a control volume and is taken around the SMA wire. The conservation of energy

for the control volume is given in Equation 5.4.1, where Ein is the energy entering the

control volume, Egen is the internal energy generated, Eout is the energy leaving the

control volume and Estored the energy stored within the control volume. In this case,

there is no energy transfer from the surroundings to the SMA wire; therefore, Ein = 0.
In the model, internal heat is generated through a process of resistive heating which is
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Figure 5.11: SMA heat transfer model and control volume.

governed by Ohms law and given by Equation 5.4.2, where I is the current and R is the

resistance of the wire. For simplicity, it is assumed that the resistance of the wire remains

constant. Though, in reality, the resistance decreases as the phase progresses from

martensite to austenite [208]. This is due to the orderly crystal structure of austenite

and the proximity of the atoms.

���
0

Ein + Egen = Eout + Estored (5.4.1)

Egen = I2 ·R (5.4.2)

There are three different modes of heat transfer, namely conduction, convection and

radiation. For the SMA wire, dissipation of heat occurs primarily through convection

since conduction and radiation are respectively limited by the cross-sectional surface

area at the ends of the wire and the wire temperature (usually below 200◦C). Therefore,

in Equation 5.4.3 the energy leaving the system is described by Newton’s law of cooling.

In Equation 5.4.3, h̄ is the mean convective coefficient for the wire, S is the surface area
of the wire and Tw & T∞ are the outer and bulk fluid temperatures, respectively. For

horizontal cylinders in air, with laminar natural convection, it can be shown empirically

that the mean convection coefficient is given by Equation 5.4.4. With the assumption of

uniform heating (D � L), Tw represents the temperature of the wire, herewith referred

to as T .

Eout = h̄ · S · (Tw − T∞) +�
�7
0

Qcond +�
�7
0

Qrad (5.4.3)

h̄ = 1.32 · ∆T

D

1
4

(5.4.4)

The energy stored within the SMA wire can be broken down into two components,

namely internal energy and phase transformation. The components are given in Equa-

tion 5.4.5 and are correspondingly represented by the terms in the right-hand side

equation. m is the mass of the wire, c is the specific heat of the wire (assumed to be
constant), and ∆H is the heat transformation constant. The transient terms include

the rate of change of temperature and martensitic fraction (ξ) with respect to time.
Substituting Equations 5.4.2, 5.4.3 and 5.4.5 into 5.4.1, results in Equation 5.4.6. This is

the governing equation that relates the temperature of the SMA wire to the input current.
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Estored = m · c · dT
dt

−m ·∆H · dξ
dt

(5.4.5)

I2 ·R = h̄ · S · (Tw − T∞) +
m

dt
· (c · dT −m ·∆H · dξ) (5.4.6)

The only unknown left to determine is the martensitic fraction. Many studies have suc-

ceeded in describing the martensitic fraction as a function of temperature and stress. The

most notable of these are derived by Tanaka [209, 210], Liang and Rogers [201], and Boyd

and Lagoudas [211], where exponential, cosine and polynomial hardening rules for the

phase transformation were used. In this dissertation, the heating and cooling hardening

rules presented by Liang and Rogers were used. These rules are stated in Equation 5.4.7

and 5.4.8 for heating and cooling respectively. Furthermore, these rules include the varia-

tion in the martensitic fraction with varied stress, by including the terms bA ·σ and bM ·σ.

ξ =
ξM
2

· {cos[aA · (T − As) + bA · σ] + 1} (5.4.7)

ξ =
1− ξA

2
· cos[aM · (T −Mf ) + bM · σ] + 1 + ξA

2
(5.4.8)

The material constants, aA, aM , bA and bM are given by Equation 5.4.9, where tan(β)
and tan(α) shown in Figure 5.12 are usually equal and indicate how the stress affects
the transition temperatures Equations 5.4.10, and 5.4.11 respectively show the heating

and cooling transformation start and stop stress ranges for an SMA.

Figure 5.12: Stress-temperature relationship, with a SMA during phase transformation [195].

aA =
π

Af − As

aM =
π

Ms −Mf

bA =
−aA
tan(β)

bM =
−aM
tan(α)

(5.4.9)

CA · (T − As)−
π

|bA|
≤ σ ≤ CA · (T − As) (5.4.10)

CM · (T −Mf )−
π

|bM |
≤ σ ≤ CM · (T −Mf ) (5.4.11)

5.4.1.2 Thermo-mechanical behaviour of an SMA wire

In this section, the basic elements governing the modelling of the SMAs thermo-

mechanical behaviour are introduced. The three elementary components of contin-
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uum mechanics that help to understand thermo-mechanical behaviour are kinematics,

conservation laws and constitutive equations. Here the former (kinematics) describes

the deformation of a continuum body the geometry of motion, with no regard to the

origin of the deformation or motion. The conservation laws explain the interaction

of external effects and the continuum body motion. Lastly, the latter, (constitutive

equations) mathematically define the key characteristics of material behaviour, only

predicted through analysis of experimental observations [195]. These three components

are collectively viewed as the constitutive laws that govern the thermo-mechanical

behaviour of SMA.

The thermodynamics of SMAs are assumed to be wholly defined by the set of

variables (ε, T , ξ), where ε and ξ are respectively the infinitesimal strain tensor (Green
strain) and martensite fraction. In this study, a variable speed phase transformation

model proposed by Liang [201] is used to elaborate on the thermo-mechanical behaviour

of the SMA wire.

Based on the results of the previous section, the thermo-mechanical model of an

SMA wire relates the effect of the thermal loads and temperature distribution to the

developed strains in the wire. Thermo-mechanical coupling of SMA responses gives an

understanding of the total behaviour of the wire due to the different loading conditions.

Temperature variations occur in the wire both in the forward and reverse phase transfor-

mation processes. These temperature variations are a consequence of latent heat being

produced or absorbed.

The martensite fraction introduced in Equation 5.4.7 strongly dictates the amount of

latent heat produced during transformation. In order to model the thermo-mechanical

coupling of the wire, the Legendre transformation is used in conjunction with the first

and second laws of thermodynamics [195]. These are coupled to give Equation 5.4.12,

which is based on the conservation of energy with the assumption of an adiabatic heat

transfer process. In Equation 5.4.12, the first term on the left-hand side describes the

effect of the material stress state on the temperature changes. The second term on the

left-hand side is related to the material heat capacity, while the third term describes

the temperature changes due to variation in martensite fraction. This variation in the

martensite phase occurs during heating and cooling and is associated with the latent

heat during phase transformation.

Tα : σ̇ + ρcṪ + (−π + ρ∆s0T )ξ̇ = 0 (5.4.12)

In the forward transformation, the latent heat absorbed causes the volume fraction of

austenite to increase until full phase transformation is reached. Referring to Equation

5.4.7, this means that the time rate of change in the austenite volume fraction will be

positive. Similarly, during cooling, the latent heat released during phase transformation

results in a negative time-rate of change in the austenite volume fraction. Equation 5.4.13

represents the transformation function used to capture the thermo-mechanical properties

of the wire during the forward and reverse transformations. The thermo-mechanical

processes that occur at this transformation surface can be modelled by introducing a

transformation function [212], such that:

Φ =

{
π − Y whenever ξ̇ < 0 (A → M)

−π − Y whenever ξ̇ > 0 (M → A)
(5.4.13)
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The transformation function, Φ, satisfies the condition of:

Φ = 0 (5.4.14)

The absorption and release of latent heat occurs at constant stress and temperature.

Equation 5.4.15 is an explicit mathematical description of the consistency condition (Φ̇
= 0 [213]) and is given by:

Φ̇ =
∂Φ

∂σ
: σ̇ +

∂Φ

∂T
Ṫ +

∂Φ

∂ξ
ξ̇ = 0 (5.4.15)

The use of the formulation in Equation 5.4.15 is based on the assumption of the

wire being rate-independent. This is also substantiated by the fact that the martensite

phase transformation is diffusionless. From the forward transformation case, the terms

in Equation 5.4.15 are given by:

∂Φ

∂σ
= ∆S : σ + Λ (5.4.16)

∂Φ

∂T
= ∆α : σ + ρ∆s0 (5.4.17)

∂Φ

∂ξ
= −∂2f

∂ξ2
= −ρbMξ − µ1 − µ2 (5.4.18)

The above expressions can be used to obtain Equation 5.4.19, which gives the evolu-

tion of the martensite volume fraction during phase transformation:

ξ̇ = −(Λ + ∆S : σ) : σ̇ + (ρ∆s0)Ṫ

ρ∆s0(Ms −Mf )
(5.4.19)

Further increase in the wire temperature above Af , the volume fraction of the austenite

phase stays constant [195]. This is as a result of the wire having undergone full phase

transformation. At this stage, ξ̇ = 0, which allows for the temperature of the wire to
be solved, since all the other variables in Equation 5.4.19 are known. Finally, using

Equation 5.4.20, the strain induced in the wire can be obtained, which enables the cal-

culation of the wire displacement. From Equation 5.4.20, the relationship between wire

temperature and strain is represented graphically in Figure 5.13 for different stress levels.

ξ = 0; S = SA; α = αA

ε = SAσ + αA(T − T0) (5.4.20)
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Figure 5.13: Variation of strain with wire temperature [195].

5.4.2 FEA of SMA actuator model

The behaviour of the SMA was modelled based on a steady-state FEA. From the first

law of thermodynamics, the thermo-mechanical relation of the SMA is given by Equation

5.4.21; where ρ is the density of the SMA wire, u is the specific internal energy. The
rates of heat generation, stress and strain rates are given by (ġ); σ̇, and ε̇, respectively.
The heat flux is represented by the parameter q [195].

ρu̇+ q − σε̇− ρġ = 0 (5.4.21)

Initially, the wire was loaded with the 1000g mass to model the displacements and subse-

quent deformations due to plastic strains. This mechanical load results in a de-twinned

martensite state. Figure 5.14 shows the wire temperature contour plot. As expected,

upon heating, the wire transitions into a full austenite phase due to resistive heating

causing a uniform wire temperature of 121.43◦C. With the wire being small in size, it

quickly reaches thermal equilibrium throughout its whole structure when the power is

applied. In this process, the phase transformation from the initial de-twinned martensite

to austenite occurs because the power supply is sufficient enough to increase the wire

temperature above As. This heating process either induces thermal stresses in the

microstructure of the SMA or is dissipated to the environment. The wire deformation

depends on the magnitude of the induced thermal stress.
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Figure 5.14: SMA wire temperature contour.

The coupled effect of the power input and the mass on the wire displacement is shown in

Figure 5.15 contour plot. From this plot, it can be seen that the power input boundary

has almost a zero displacement. This is because it has been constrained to a zero

displacement by the remote displacement boundary condition. However, the slightly

negative displacement observed can be attributed to wire deformation as a result of both

the thermal and mechanical loads. These loads might induce a bending moment during

wire contraction or expansion, which might lead to the observed negative displacement.

With a maximum power input of 19W and a mass of 1000g, the maximum normal

displacement of the wire was found to be 4 mm. For the case where only power was

added, the maximum displacement of the SMA wire was found to be 4.35mm.

Figure 5.15: SMA wire displacement.

With the wire being subjected to two different loads, its response is thus a function

of both the thermal and mechanical strains induced by these different inputs. Figure
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5.16 shows the relationship between the power input and the displacement of the SMA

wire modelled using ANSYS FEA. From the figure, it can be observed that as the

power increases, so does the SMA wire displacement. This increase in displacement

can be attributed to continuous dislocations of the SMA lattice structure as a result

of an increase in thermal stresses [195]. It can also be observed that there is a drop in

the rate of change in displacement at higher power inputs. The reason for this trend

can be attributed to the energy being used to accomplish complete phase change from

martensite to a denser austenite phase. This increase in density is associated with a

decrease in volume, resulting in a reduction in strain rate with further increase in power

input.

It can be observed that for the same power input, different mechanical loads result

in different wire displacements when the graphs in Figure 5.16 are compared. From this

figure, it can be seen that the mass results in a decrease in the SMA wire displacement.

This is because the mass acts as a tensile load which causes elongation of the wire. This

elongation opposes the contraction effect caused by the power input. The difference

between these two responses gives the overall displacement of the wire. Also observed

in Figure 5.16, the displacement response tends to flatten out at higher power inputs.

For the response with the mass, this occurs at 10W, and 9.5W for the response with

no mechanical load. The reason for these differences is due to the effect of the mass,

which tends to increase the phase transition temperature [193]. Again, the flattening

out of the displacements response is due to the wire being in a complete austenite phase

which is denser and exhibits a larger strain resistance as opposed to the martensite phase.

Figure 5.16: Variation of wire displacement with power.
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5.4.3 NARX NN SMA actuator model

Computational black-box system identification requires minimal prior knowledge of the

system and instead relies on the guidance of past successful models. This is because

black-box models replicate the behaviour of the underlying system by mapping the

input-output data with a function or finite system of functions, with non-specific pa-

rameters. Computational Black-Box models are particularly effective in representing

multi-variate non-linear systems, where internal states are time-variant, highly-coupled

and difficult to determine analytically.

As such, in this section, a novel NARX NN black-box model of an SMA actuator,

comprised of a regulator, SMA wire and mechanical assembly is presented. Figure 5.17

presents the model structure used in this study, including the inputs and output of

the NARX NN SMA actuator model as well as the expected hidden model states. In

brackets are the variables that significantly influence the hidden states. Variables n and
ν denote the number of cycles and velocity of the sliders and levers, respectively.

Figure 5.17: A multi-input, single output NARX NN black box model of an SMA actuator

with identified hidden states.

The system identification process typically consists of four steps—namely, (1) Data

acquisition and pre-processing, (2) Selection of model class and structure, (3) Estimation

of parameters and (4) Model validation [214]. Accordingly, this section is structured as

follows: data acquisition and pre-processing, model structure, training and optimisation,

model validation and the Simulink model. In the data acquisition and pre-processing

section, the focus is placed on the preparation of raw data whilst maintaining temporal

coherence. The model structure, training and optimisation section is guided by minimal

training, testing and validation errors. The ability to generalise and capture specific

SMA actuator characteristics is a prerequisite to this section. In the model validation

section, the system response to various standard input signals is investigated; the inputs

include step, pulse and sine signals of varied frequency. The development of the NARX

NN SMA actuator model concludes with its implementation in a simulation environment.

5.4.3.1 Data acquisition and pre-processing

The raw data was constructed from 121 trials, where each trial was subject to a unique

combination of power and mass; a segment of the raw data is illustrated in Figure 5.18a.

Each trial lasted 70s and resulted in approximately 15740 samples. As mentioned (refer

to Section 5.3), the power was locally varied in an ascending manner, while the mass

was globally varied. This yielded the cyclic increase in the measured displacement due
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to power, while concurrently yielding a macroscopic decrease due to the increase in

mass. In Figure 5.18a, the data is min-max normalised such that displacement variation,

power and mass is scaled from zero to one.

(a)

(b)

Figure 5.18: Input-output data used in the feedforward and recurrent training of the NARX

NN model. Figure 5.18a shows a portion of the raw data, while Figure 5.18b shows the data

after pre-processing. In both figures the data is normalised for convenience.

Correspondingly, the normalisation factors for displacement, power and mass are 4.67mm,

19.26W and 1000g, respectively. Recall that the maximum strain of an SMA wire lies

typically in the range of 2% to 6%. For the SMA actuator in this dissertation, with an

original length of 200mm, this corresponds to a strain in the range of 4mm to 12mm.

Notably, the maximum measured displacement of the SMA actuator lies towards the

minimum of this range. This is due to the 25 preliminary trial cycles (refer to Section

5.3) which stabilised, conditioned and mitigated the initial stochastic behaviour of the

SMA actuator. It is worth noting that the first few trial cycles yielded a displacement

in the vicinity of 8mm.

It was apparent that the raw data needed to go through a pre-processing step after

an initial test model demonstrated four key issues. The first issue relates to the spike in

power at every instance power is applied. These spikes, which can be seen in Figure

5.18a, are due to the accommodation of the power supply to an initial peak current draw.

Moreover, the spikes in applied power were inconsequential to the displacement of the
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SMA actuator since they occurred over a very short interval and accordingly exhibited

a frequency far greater than the upper bound of the SMA actuators bandwidth. Using

the signal analysis application in MATLAB with a median filter and smoothing factor

of 0.1, the spikes were removed, as shown in Figure 5.18b. The reasoning behind the

removal of the spikes was to decrease the number of sudden changes in power, thereby

reducing the risk of exploding or vanishing gradients during the training of the NARX

NN model.

The second issue stemmed from the scale of the data involved in the training of the

model. With 1904730 samples for each of the variables, it was noted that the use of the

raw data for training would negatively impact the computation time. This decreases

the chance of achieving a minimal global solution and increases the RAM requirements.

Therefore, using a moving average with a window length of 80ms and no overlap, the

samples were reduced to 126982 (see Digital Appendix for the code). The data was

formatted as a time series to maintain temporal coherence. Evidence of the moving

average can be seen when comparing the smoothness of the data depicted in Figure

5.18a to that of Figure 5.18b.

The third issue originated from the order in which the data was recorded. Because of

the periodic nature of the recorded data, the trained NARX NN would likely learn to

predict the periodicity of the data instead of learning the underlying characteristics of

the SMA actuator. Also, the periodicity could increase the number of delays required,

impacting training and the model size. The issue of periodicity is common in time series

modelling and is often referred to as seasonality, with examples including day-night and

seasonal cycles [215]. The periodicity in the raw data comes as a direct byproduct of

the order in which the data was collated.

To remove the effects of periodicity, detrending is often employed, in which the

moving mean is subtracted from the current state. This technique, however, can not

be used in this application since it will result in unrealistic training data with negative

displacements. The solution to this involved the pseudo-random shuffling of the data

while maintaining the transient structure and synchronicity of the data. Specifically,

this was achieved by splitting the dataset according to the troughs and then shuffling

the segments (for code see Digital Appendix). The outcome of this process is shown in

Figure 5.18b, where the displacement-power-mass segments differ from those shown in

Figure 5.18a.

The last issue relates to the negative or non-zero offset of the SMA actuator displace-

ment once the power is removed. The negative displacement comes as a consequence of

the test-rig and the sampling speed of the Arduino. In particular, if the velocity of the

slider mechanism (over a given distance dx) exceeds the time required for the execution
of the DigitalRead function, then it is certain that pulse edges from the optical encoder

will be missed. This could not only result in a negative displacement but also a non-zero

offset, most notable in the tail-end of the displacement curve.

The inputs and outputs were duly segmented by troughs and shifted up or down

such that the troughs were aligned with the y = 0 axis. This was done to remove the
negative or non-zero offset. The discontinuities arising from segmentation and shifting

was addressed through a Gaussian filter with a smoothing factor of 0.02 (MATLAB signal

analysis application). The smoothing was subtle enough not to impact the transient

displacement during the heating and cooling of the SMA actuator. In Figure 5.18b, it

is seen that the offset is greatly reduced. Removal of the stochastic offset improved
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the training of the NARX NN model. Understanding the trends in the raw data helps

to establish an intuitive feel for the data and consequently gives the capacity to make

better model related decisions. As such, a plot of the input versus the output variables

(Figure 5.19) provides insight into the overall behaviour and relationships present. In

Figure 5.19, the displacement is a function of both the mass and the power. Here, it

may be deduced that an increase in power equates to an increase in displacement, while

an increase in mass equates to a small decrease in displacement.

Figure 5.19: Surface plot of displacement as a function of both mass and power.

Understanding the trends in the raw data helps to establish an intuitive feel for the

data and consequently gives the capacity to make better model related decisions. As

such, a plot of the input versus the output variables (Figure 5.19) provides insight into

the overall behaviour and relationships present. In Figure 5.19, the displacement is a

function of both the mass and the power. Here, it may be deduced that an increase in

power equates to an increase in displacement, while an increase in mass equates to a

small decrease in displacement.

Before unpacking the relationship, it is worth noting that Figure 5.19 only provides

details on the steady-state behaviour of the SMA actuator and excludes the effects of

frequency. This is because the figure was constructed using the maximum displacement

in each of the 121 trials. Some interesting observations can be deduced from Figure 5.19.

Firstly, the displacement is saturated at zero for power less than 5W. This indicates that

the temperature of the SMA wire never reaches As and that the heat generated seems

to be dissipated by convection at a greater or equal rate. Also, for power exceeding

10W, the change in displacement decreases significantly due to a possible increase in

the resistance of the SMA wire as the temperature increases beyond Af .

Another observation is the almost linear relationship between displacement and mass.

Explained by the inverse relationship between force and displacement for constant work,

a lower mass yields a higher displacement, as shown in Figure 5.19. An irregular increase

in the displacement is noted at 14W and 0g. Though this irregularity may be an error

in the measurement of the maximum displacement for the trials in question, it is equally

likely that it stems from the momentum of the slider. This may seem counter-intuitive
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given that a larger mass should yield a greater momentum, however, since the mass is

not coupled in the direction of the momentum it has no significance and instead, the

momentum is solely proportional to the velocity. From Figure 5.19, it is clear that there

is an upper bound to the displacement of the SMA actuator.

The displacement-power cycle shown in Figure 5.20 is constructed using segments

of data with varying power and fixed mass (1000g). Any conclusions derived from the

figure is limited to a low-frequency response since the segments correspond to the longest

applied power interval, which is fixed at 5s. From Figure 5.20, it is apparent that as

the initial power increases, so too does the deviation in power. This seems to validate

the fact that the resistance of the SMA wire plays a major role in the experienced

and applied power. Where the former (experienced power) and latter (applied power)

respectively refer to the power losses, as seen by the actuator and the power supply.

Information related to the rate of transient heating is expressed through the gradients

of the lines depicted in Figure 5.20. Here, the gradients of the lines of best fit vary

slightly between the different applied powers, suggesting that the displacement-power

relationship remains similar. In other words, more power does not necessarily translate

to a faster response (recall that each cycle takes place over 5s).

Figure 5.20: Displacement power cycle constructed using varying power and fixed mass (1000g)

inputs.

Intuitively this presumption may not make much sense, however, considering the ex-

istence of a power threshold for a given SMA wire diameter may prove useful. This

means that for the wire diameter in this dissertation, has a negligible difference in

the reaction time of the SMA is seen for a constant applied mass. It should be noted

that the difference in reaction time should be more substantial for thicker SMA wires.

In general, it is observed that the largest contributing factor to the heating and cool-

ing time is the mass, where an increase in the applied mass results in an increase in

the rise time and a decrease in the fall time. Another significant observation from

Figure 5.20 is shown in the concavity of each of the cycles. The concavity increases

with increasing power, possibly signifying the abrupt change from martensite to austenite.
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5.4.3.2 Model structure, training and optimisation

Figure 5.21a shows the network diagram of an open-loop NARX NN model used in the

initial training phase. This is a two-layer feedforward model used to predict the output

displacement. As can be seen, x(t) represents the two exogenous inputs (power and
mass) y(t) is the expected output displacement. The number of neurons in both the
hidden layers was determined after iteratively testing a maximum of ten neurons per

layer to get hundred possible configurations. It was found that the configuration with

nine neurons in each hidden layer resulted in the least MSE and was therefore selected

as the model training configuration. The trained NARX model was then transferred

to the closed-loop. In the closed-loop, by using the open-loop weights and biases, the

model’s performance dropped and was therefore retrained to get the configuration shown

in Figure 5.21b with optimal weights and biases.

Furthermore, it can be seen in Figure 5.21 that the output variable is a function of

both the exogenous inputs and the previously calculated output value. In this model, a

tapped delay line memory containing the most recent outputs is formed. This means

that after each cycle, a new output replaces the old one. Also, this has the advantage of

saving memory since an older output is replaced in every new cycle, as opposed to when

the new output is appended to the data set.

The strength of the relationship between the input signals and the output variable of

the SMA actuator NARX NN model can also be obtained. This is accomplished through

a statistical correlation analysis which gives a quantitative measure of how the input

and output variables are related. The limits of correlation analysis are +1 or -1. These

extreme values respectively indicate a perfect positive and perfect negative input-output

relationship.

(a) Open loop.

(b) Closed loop.

Figure 5.21: NARX NN model diagram.

Figure 5.22a shows a correlation function for the SMA actuator model. The dashed

line represents the confidence limit of the correlation. The output data were de-trended

before correlation to ensure that long term aspects that cause distortion are eliminated.

It can also be observed that the results show a very small and decreasing correlation

with lag. However, the correlations are outside the confidence limit, meaning that the
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model was well suited to predict the output response.

The cross-correlation of the SMA actuator model is shown in Figure 5.22b. In this

figure, it can be observed that the cross-correlation between the two input variables

relative to the output tends to fluctuate between positive and negative values. Though

the cross-correlations are much less than one, they still are outside the confidence limit,

implying the model was still well capable of predicting the output response.

(a) Direct correlation.

(b) Cross correlation.

Figure 5.22: SMA actuator model correlation function.

Figure 5.23 shows the variation of MSE with epochs for one open-loop and two closed-

loop SMA actuator models during the training, testing, and validation processes. It can

be observed from the graphs that there is a general decrease in MSE with increasing

epochs for all three models. This decrease is in the form of exponential decay for the

three models. It is also worth noting that the open-loop model has a higher initial MSE

than the two closed-loop models. This is because, in closed-loop systems, the response

of the model is relatively insensitive to internal parameters variations compared to the

response in open-loop systems.

From Figure 5.23a, it can be observed that MSE drops by approximately 99% during

the first 20 epochs. In this region, the MSE decays with epochs. From about 20 to 80

epochs, the relationship between MSE and epochs is approximately linear with a very

small negative gradient. In this region, the drop in MSE is less than 10% of the MSE at

20 epochs. From 80 epochs to 100 epochs, it can be seen that the graph starts to flatten

out with MSE approaching a constant value of 3.6e− 05.
From Figure 5.23b, it can be seen that during the first 15 epochs, MSE is inversely

proportional to epochs. With an increase in epochs beyond 15, this relationship starts

to follow a linear relationship with a constant negative gradient. The minimum MSE

is obtained at 50 epochs and corresponds to the best validation performance of the
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model. Analysis of the results in Figure 5.23c shows that for the first 10 epochs, MSE

is inversely proportional to epochs. In this region, MSE falls by approximately 90%.

After that, the graph asymptotically approaches an MSE of 0.01. At 200 epochs, the

MSE reaches its minimum of 0.00865 mm, and this corresponds to the point of best

validation performance.

(a) Open-loop performance.

(b) Closed-loop performance 1.

(c) Closed-loop performance 2.

Figure 5.23: Variation of NARX model performance with epochs.

Figure 5.24 shows the results obtained after training the NARX model. The first graph

(from the top) shows the variation of the gradient descent with epochs. In this figure, it

can be seen that there is a general decrease in gradient with the number of epochs. As

epochs continue to increase beyond 140, it can be observed that the gradient descent

is approximately periodic. From this graph, the training reaches a steady state at 200

epochs for which the gradient will be 0.63283. This point gives the best set of coefficients

for the model. This gradient descent function is important for system optimisation of

the SMA actuator model to obtain the best model coefficients that minimise the neural

networks model’s computational cost.

This process is typically used because analytical methods are not sufficient enough

to calculate the bias and weight parameters. The second graph in Figure 5.24 shows the

variation of MU with epochs for the trained model. This value is used to control neuron

weights during the updating process. It can be seen that the MU spikes during the

first few epochs (before stabilising around 40 epochs) and then drops to a local minima

between 75 to 95 epochs. With further increase in epochs, the MU stays constant at

0.01 and starts to be periodic after 138 epochs. From this trend, it can be concluded

that the further training of the model will not improve its learning performance as the
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MU is now oscillating with the same periodicity. The third graph in Figure 5.24

shows the model validation results for the actuator. This is achieved by evaluating how

well the network performs using held-out validation data set in each training loop. For

this test process, the data was split into two groups, the training and testing sets. The

model was then trained using the testing data to obtain a function approximator. This

approximator was then used to predict outputs using the testing data set. From the

figure, it can be observed that the number of failed validations is zero throughout the

testing and training process. This shows that the model was well suited to predict the

output displacement of the actuator. However, very few validation errors occur after

120 epochs. This can be attributed to continuously changing weights and biases beyond

120 epochs resulting in a less accurate prediction function. The validation set can also

be used for tuning purposes in a neural network, such as selecting the number of hidden

layers.

Figure 5.24: NARX NN model training results

Figure 5.25 shows the results of the actual and expected output displacements for the

actuator during the training, testing and validation stages. As can be observed, the

output displacement is periodic, due to the ON-OFF switching of the input power

during the experiment. This resulted in the SMA having a periodic response. Also, the

crests of the system response curves are much higher between sample 1000 to 2000, where

a higher power input range was used. Between samples 2001 to 3000, the power input

range was lower. This resulted in the model having larger displacements for larger power

inputs than in the low-power range. Also, it should be noted that the first 1000 samples

were used to condition the SMA so that its behaviour becomes more deterministic.

Figure 5.25 also shows the model error, which is the difference between the expected

and actual outputs. It can be seen that when switching between heating and cooling

(corresponding to turning power ON-OFF), the model fails to predict the actual output

displacement accurately. These errors are a result of residual strain accumulation with

increasing cycles.
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Figure 5.25: Actual and expected actuator output displacement during training, testing and

validation

Figure 5.26 shows a histogram of how the neural network errors are distributed on

the training, testing, and validation instances. It can be seen from the chart that the

training process has the largest error contribution than both testing and validation

process. Also, it can be seen that the testing and validation processes have similar error

contribution. The main reason behind this observation is that the training process uses

about 70% of the data, and thus its cumulative error becomes significantly higher than

the testing and validation processes, which both use 15% of the data.

Figure 5.26: Model error distribution.

A linear regression analysis of the neural network outputs and the target outputs from

the training, testing, and validation processes are shown in Figure 5.27. As can be seen

in the plots, all the predicted model outputs are close to the actual target outputs and

follow a similar trend. This is justified by the correlation coefficient, which is very close
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to one. From these results, we can conclude that the neural network model developed is

well suited to predict the actuator displacement.

Figure 5.27: Linear regression analysis of the NN and target outputs.

5.4.3.3 Model validation

Figure 5.28a shows the model normalised response due to a step input in power signal

without any external load applied. It can be seen that the model response has an initial

overshoot which then decays as the output reaches steady state. Resistive heating from

the power input causes the actuator to change phase from a stable low-temperature

martensite to a stable high-temperature austenite phase. Being transient, this overshoot

dies out upon complete phase transformation due to the effect of the SMA wire resistance

in the full austenite phase. This response is similar to that of an underdamped system

with initial overshoot.

Figure 5.28b shows the actuator response due to a step input in power and a constant

load. It can be seen that the actuator system response shows a sudden peak when the

power is switched on and then starts to drop continuously with time. In this process,

the applied load causes an increase in the phase transformation temperature, and hence

the input power is no longer enough to cause any phase change from martensite to

austenite. The power input is then used to increase the SMA temperature and also

induce lattice dislocations. As the SMA temperature increases, the proportion of lattice

dislocations decreases due to an increase in SMA wire resistance. The opposing effects

of the applied load and these lattice dislocations cause the displacement to drop with
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time continuously.

The step response of the actuator model with a lower power input and no external

load is shown in Figure 5.28c. It can be observed that the response is quite slow to reach

equilibrium as the heat generated is not sufficient to cause any partial phase change. In

this process, most of the heat generated is dissipated by convection, resulting in less heat

energy to initiate crystal lattice movements that result in the microscopic displacements.

The response of the system with the load and lower power input is shown in Figure 5.28d.

In this figure, it can be seen that the added mass causes the output displacement to be

lower as compared to Figure 5.28c. This can be attributed to the fact that the extra mass

input causes an elongation of the SMA, which opposes the displacement due to resistive

heating from the power input. Also, this added energy is not enough to onset forma-

tion of austenite; hence the actuator structure will still be in the stable martensite region.

(a) Maximum power with zero load. (b) Maximum power and load.

(c) Half maximum power with no load. (d) Half maximum power with load.

Figure 5.28: Normalised response due to a step input.

Figure 5.29a shows the response of the actuator due to a pulse power input. It can be

seen that the displacement reaches a peak value and then starts to decay to a constant

asymptotic zero displacement with time. This drop-in displacement is due to an increase

in the SMA resistance at higher initial temperatures, as well as energy loss due to

natural convection after the input signal has been removed. The SMA will then try to

return to its original un-deformed state influenced by the shape memory effect. Also,
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it can be seen that the displacement never goes back to zero, which can be attributed

to the residual strains developed in the lattice structure. The response in Figure 5.29b

shows a similar trend to that previously described. However, in Figure 5.29b, the extra

load causes the SMA to return to its equilibrium position quickly.

Figure 5.29c shows a similar trend to the one exhibited in Figure 5.29a, but with

a slight lag in system response. In this process, when the power is removed, most of

the heat generated is dissipated by convection, resulting in less heat energy to initiate

crystal lattice movements that result in the microscopic displacement of the SMA wire.

Figure 5.29d shows the response due to a load and a lower power input. This response

is similar to that shown in Figure 5.29b, but with a lower peak displacement due to the

lower power input. Also, this response exhibits the same lag just as the response in

Figure 5.29c and adheres to the same reasoning.

Furthermore, an important observation from these graphs is that the rise and fall

time response respectively increase and decrease as the load is increased. This can be

attributed to the fact that the applied load causes an increase in the inertia of the wire.

These extra input loads cancel the effect of the residual strains in Figure 5.29a and

5.29c, causing the displacement to return to zero.

(a) Maximum power with zero load. (b) Maximum power and load.

(c) Half maximum power with no load. (d) Half maximum power with load.

Figure 5.29: Normalised response due to a pulse input.

145



Figure 5.30a shows the system response due to a pulse train input. As can be seen, the

displacement is in the form of a periodic frequency response with peak displacement

for each pulse input. Also, the displacement never reaches steady state even when the

input is removed. This can be attributed to the fact that the time interval between

successive pulse inputs is much smaller than the speed of response of the SMA, that is,

the rate of cooling is very slow. Figure 5.30b follows the same trend as Figure 5.30a,

but with an extra load as the input. The interval between successive pulses is still very

small, such that the response of the SMA due to the load only is impossible to obtain

before the next power input kicks in. This pulse input does not allow the system to

reach equilibrium; hence the system response is transient.

The results in Figure 5.30c are similar to the results in Figure 5.30a, but with lower

power input. The difference between the two graphs can be seen by observing the rate

of change of displacements between two successive pulses. In Figure 5.30a, this change

in displacement is much higher than that observed in Figure 5.30c. The reason being

that, for higher power input, the SMA resistance increases as the temperature rises

beyond Af . The response in Figure 5.30d is similar to the one explained in Figure 5.30c.

(a) Maximum power with zero load. (b) Maximum power with load.

(c) Half maximum power with no load. (d) Half maximum power with load.

Figure 5.30: Normalised response due to a pulse train input.

As can be seen, the extra load in Figure5.30d does not interfere with the response of the

SMA. This can be attributed to the fact that the time between two successive pulse

inputs is much smaller than the time needed for the model to register a response due to
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the load alone. Hence, a new pulse input kicks in before the system responds to the

effect of the load alone.

Figure 5.31a shows the SMA response due to the sinusoidal power input. It can be

seen that the response is periodic with the maximum displacements gradually increasing.

This increase in maximum displacement can be attributed to the accumulation of residual

strains with cycles. Also, it can be observed that the difference between the peaks of

successive responses decreases with time.

The reason for this is due to hysteresis stabilisation, which besides reducing the energy

dissipated, also improves tracking, and thus makes the SMA actuator more efficient.

Figure 5.31b shows the sinusoidal response of the SMA due to the effect of load and

the sinusoidal power input. The peaks of the response are due to the effect of the

maximum power supply. When this power input starts to decrease, the effect of the

load starts to play a major role, thus causing the SMA to extend. The SMA response

is the difference between the constant expansion effect of the load and the periodic

contraction due to the power input. Also, unlike the response in Figure 5.30b, this

response can register the effect of the load on the SMA when the power is switched off.

This is because the time between successive power input crests is greater than the sys-

tem response time when only the load is applied. Also, there is a lag in the SMA response.

(a) Maximum power with zero load. (b) Maximum power with load.

(c) Half maximum power with no load. (d) Half maximum power with load.

Figure 5.31: Normalised response due to sinusoidal input.
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5.5 Chapter Summary

In this chapter, extensive research was conducted in order to understand the mecha-

nism in which SMA-based actuators respond to different stimulus. With this in mind,

three types of models that estimate the displacement of a stabilised SMA wire-based

actuator were developed. Based on a theoretical framework, the analytical models use

the conservation of energy to model a transient behaviour of the SMA wire. This gives

rise to a mathematical relationship between the input energy and stress, to the output

strain. The developed FEA model used much more advanced numerical tools to model

the SMA actuator by using more performance information. Unlike the analytical model,

the FEA model could also simulate the SMA actuator within its plastic region. In the

analytical model, this would require much more complex mathematical equations which

would be too complex to manipulate. Finally, based on a computational Black-Box

approach, a NARX NN model was developed to properly represent the highly coupled,

and time-variant SMA actuator system. Results from the three models showed that the

NARX NN model was the most accurate in predicting the input-output relationship of

the SMA actuator.
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Chapter 6

Simulation-Based Modelling of an

Anthropomorphic Robotic

Prosthetic Hand
Towards a Kinematic and Dynamic Robotic Prosthetic Hand

Model

It is well known that accurate modelling of an RPH is foundational to the development of

a simulation-based RPH control system. Traditionally, an RPH is modelled analytically

without the consideration of trajectory planning and contact modelling. As such, this

chapter aims to develop an accurate anthropomorphic RPH model that forms part of the

RPH control system and takes into account the properties of motion and force, whilst

remaining simple to implement. Using a combination of programs and algorithms, the

resultant 10 DoF anthropomorphic RPH model effectively expresses the forward and

inverse kinematics. Furthermore, the set-points and logarithmic spiral trajectories for

various grasps are representative and presented alongside a linear contact model, link

relationship and passive elements.

6.1 Theory and Literature Review

A human hand is a perfect example of a complex yet effective system consisting of

27 bones and joints divided between the wrist, palm and fingers. Figure 6.1a shows

the skeletal structure of a human hand with 23-DoF [216], while Figure 6.1b shows a

simplified 10-DoF RPH (this dissertation). Also, Figures 6.1a and 6.1b present the

joints of a hand represented mechanically as hinge joints; however, other joints such

as a saddle or ball and socket joint are also common [217]. Based on the types of

joints and actuation, it is possible to devise an anthropomorphic RPH which is capa-

ble of much of the dexterity of a human hand. Apparent in Figure 6.1a is the fact

that a finger consists of three joints except for the thumb. Primarily ensuring grasp

stability, these joints can flex, extend and in the case of the MCP joint, abduct and

adduct. The joints of a finger are composed of passive elements which give them a

natural tendency to return to an equilibrium or rest state. In relations to an RPH,

these passive elements are commonly mimicked with the inclusion of springs and dampers.
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(a) (b)

Figure 6.1: The representation of anatomical joints and bones in an anthropomorphic RPH.

The modelling of an RPH should not be limited to the movement of the various pha-

langes and should therefore include the associated complexities surrounding the contact

between the fingers and GO. In this chapter, contact modelling is instituted at nine key

locations (see Chapter 4) through primitive shapes using a linear Kelvin-Voigt model

[218] and as such, this section details some of the associated concepts. Furthermore,

the physical interpretation of contact sensing through an FSR is given. RPH models

are conventionally reduced to a 2D problem in which only a single finger is analytically

analysed. Subsequently, with increased difficulty, these models are extended to form

complex multi-finger models. This complexity is compounded by stability requirements

and the fact that most RPHs are underactuated.

6.1.1 Overview of existing RPHs

Mimicking biological structures has garnered significant interest from humans over

the past millennia. This interest has led to the advancement of prosthetic hands

over the years progressing from early works such as the prosthetic iron hand of Götz

von Berlichingen [219] in 1505, to the dexterous shadow hand from 2005 [220]. The

progression of prosthetic hands saw the improvement of physical, actuation and kinematic

properties [221], with a drive towards electrically driven RPHs. The use of robotic

hands is primarily focused on prosthetic and rehabilitation applications, though, it also

appears in industrial and human-robot applications.

Judging by the review by Piazza et al., [222] the number of RPHs has increased

exponentially over the last century. This is linked to the increased uptake of rigid joints

and actuation coupled with underactuated transmission properties. Piazza et al., also

noted that there seems to be an increased exploration of simple soft-robotic hands which

ensure robustness, efficiency, adaptivity, safety, design formalism, control simplicity and

natural motion. As shown in Figures 6.2a to 6.2f, there have been several attempts at

developing a dexterous RPH, both in the commercial and academic space.

One further example of this is the three-fingered RPH developed by Zollo et al.,

[223]. The DC motor-actuated hand makes use of a thumb, index and middle finger

to ensure triangular stability. This greatly reduces the control complexity and the

number of actuators required, however, the lack of finger movement means that certain
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anthropomorphic qualities cannot be achieved. Each of the fingers consisted of three

hinge joints with an added joint at the base of the thumb allowing for the adaptive

grasping of various sized objects. Therefore, in total there were 10-DoF, with the thumb

actuated by two DC motors while the index and middle fingers were each actuated by

one DC motor. Lastly, Zollo et al., [223] found that simulation-based optimisation of

the trajectory planning of one finger led to a more human-like hand movement.

(a) (b) (c)

(d) (e) (f)

Figure 6.2: Existing state of the art humanoid hands. Figures 6.2a to 6.2f show the SMA

actuated MIT hand [224], biomimetic University of Washington hand [225], Shadow C3 pneumatic

hand [226], Elu2 anthropomorphic hand [227], hybrid actuated hand [228] and underactuated

hand from Laval University [229].

It is argued by ten Kate et al., [230] that the increased output of RPHs is due to

the improvements of rapid prototyping such as 3-D printing. This factor, coupled with

open-source RPH initiatives, has sparked interest in the broader robotics community.

Apart from adopting rapid prototyping as a means of production, Adrianesis et al.,

[231] used an unconventional SMA-based actuation system (similar to the one in this

dissertation). The actuation system was linked to a network of cables which formed the

transmission system. Interestingly, only the MCP and PIP joints of each finger were

actuated, leaving the DIP joint to provide compliance via a bias spring located at the

joint. Omitting the actuation of the DIP joint was based on an analysis of the workspace,

where Adrianesis et al., found an insignificant change in the ROM. Important to the work

conducted in this chapter, Adrianesis et al., [231] found that at lower angles of rotation

the fingertip force remained at a low of 1.7N, while at higher rotation angles the force

doubled. The fingertip forces were measured sufficiently by use of a PCB-mounted FSR;

care was taken to ensure the FSR was mounted on a flat surface. A passive consideration

in the modelling of an RPH was pointed out through the use of artificial skin (see

Section 6.3). Although the study by Adrianesis et al., was comprehensive, parameters

such as hand pre-shaping, force closure and grasp stability and security [231] were not
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considered. As highlighted by Price et al., [232], a key consideration for single-actuated

fingers lies in the coupling between the different links. This is substantiated by Xu

and Todorov [233], who developed arguably the most realistic RPH by introducing

polymer-based ligament and capsule derivatives.

Conversely, Parshotam [234] included leaf spring elements in the joints of the developed

10 DoF RPH, which forms the basis of the model presented in this chapter. The RPH

uses two coupling links for transmission of the SMA displacement, with FSR tactile

sensors located at the fingertips for force feedback. The DIP joints are fixed in a set

position, and the thumb is orientated such that an additional joint is not necessary.

In summary, it is of significant benefit to reduce the complexity of an RPH through

the number of links and joints. Furthermore, under actuation is an effective means of

attaining multi-grasp performance, while compliance is of importance since it mitigates

grasp pre-shaping and ensures a larger contact region between the RPH and GO.

6.1.2 Passive elements of a human hand

The human hand contains various anatomical structures that give rise to its passive

behaviour. These structures have a natural stiffness and damping that stems from

the elasticity, flexibility and compliance experienced as a force imparts a change in

geometry. Of concern in this dissertation is the passive elements in the finger joints

of a human hand, as shown in Figure 6.3. These primarily consist of ligaments and

articular capsules, where each articular capsule is made up of a fibrous and synovial

membrane. The fibrous membrane is composed of connective tissue which presents

elastic properties and forms part of joints stiffness. On the other hand, the synovial

membrane encapsulates synovial fluid which acts as both a passive fluid spring and

damper whilst lubricating the articular cartilage.

Figure 6.3: Passive structures in the joints of a human hand. Image courtesy of Anatomy

Learning, Dr. R. Blanco Salado [235].

As shown in Figure 6.3, the deep, transverse ligaments serve to couple the motion of

each finger. This means that flexion of any finger, excluding the thumb, provokes an

involuntary flexion of the neighbouring fingers. The coupled motion that originates
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from these ligaments is important as it permits the natural cupping of the hand for

ADL. Apart from these tangible passive elements, friction exists between the articular

cartilage and meniscus of each phalanx. Extrapolating the results of Warnecke et al.,

[236], the coefficient of friction is shown to be less than 0.045; however, due to large

forces and a small contact region, friction may still be significant. Friction may also be

exacerbated by conditions such as cartilage degeneration or osteoarthritis.

External passive factors such as the elasticity of skin and muscle length also play a

role in the behaviour of finger joints. For example, when undergoing flexion, the skin

on the palmar side of the hand is in compression, while the skin on the dorsal side is

in tension. This collectively adds to the joint stiffness and damping. Muscle length

is implicitly accounted for in the model developed in Chapter 4. Joint stiffness and

damping are commonly modelled as a combination of torsional springs and dampers, as

shown in Figure 6.4.

Figure 6.4: Kinematic diagram of the ROM and passive structures in the joints of a finger.

[237].

These induce torques at each joint and is governed by Equation 6.1.1.

Tn = kn · (αf
n − αo

n) + cn · (ωf
n − ωo

n) (6.1.1)

Without these passive elements, the simulation of the RPH would result in a perpetual

rotation of the finger segments. A method for estimating the torsional spring and damper

constants for a joint is presented in work by Oatis [238]. This study focused on the knee

joint; however, the same concept can be applied to most joints. An electrogoniometer

was used to measure the angular displacement of the knee after the leg was dropped from

an extended and relaxed state. From the oscillatory angular displacement, the natural

frequency and viscous damping factor were determined. Furthermore, the torsional

spring and damping constants were calculated using Equations 6.1.2 and 6.1.3 and

resulted in average stiffness and damping coefficients of 4.24 Nm/rad and 0.12 Nms/rad.

k = I · ω2 (6.1.2)

c = 2 · ζ · ω · I (6.1.3)

Highlighted by Oatis was the fact that these coefficients were significantly correlated

with the initial angular position of the joint. This suggests that the passive structures
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change properties depending on orientation, force, velocity, etcetera. When springs

and dampers are incorporated into kinematic chains such as a multi-link manipulator

(robotic finger), it is subject to buckling if the external force is in a direction which

causes uncontrolled deviation [238]. One such condition is seen when a force is applied

normal to the fingertip of a finger in a horizontal position. For an RPH actuated in

flexion only, buckling may also arise for a dorsally applied force while returning to rest.

Knez et al., [239] investigated the vibratory response of a finger and subsequently

performed system identification of a biodynamic finger. The resultant spring and damper

coefficients were questionable as they were several orders of magnitude greater than those

suggested by both Wright and Johns [240] and Franklin [241]. According to work by

both Wright and Johns, and Franklin, the spring stiffness was suggested to lie between

0.01 and 7.25Nm/rad, depending on the joint in question. Chen Chen et al., [242]

reported similar values with the addition of a damping coefficient of 0.0225Nms/rad.

A finger model proposed by Sancho-Bru et al., [243] highlighted the need to include

the effects of passive force-generating structures for an accurate estimation of force

propagation. Also, the passive structures were found to be critical to the behaviour of

the finger during fast movements. In general, the passive joint elements serve to couple,

transfer and return to equilibrium the forces and phalanx positions. These need to be

mimicked in an RPH so that both realistic and functional motion is possible.

6.1.3 Contact modelling

Most RPH systems operate in multi-body contact conditions. Due to the existence of

elastic deformation in the contact areas, the elastic properties of the different bodies in

contact cannot be neglected. The geometry of the contact area also changes when there

is a relative translation and/or rotation between the contact bodies. This condition also

cause the load distribution and friction in the contact areas to vary. Therefore, under-

standing contact region dynamics aids in modelling the behaviour of different objects in

contact and at the same time, assisting in controlling the stability and performance of

different joint actuators.

When modelling the behaviour of contacting bodies, the elastic behaviour of the

bodies is modelled as springs and dampers that act as the passive contact elements.

These simplified single degree-of-freedom systems are modelled to investigate the effects

of stiffness, etxernal loads, damping and friction coefficient on the dynamics of the

multi-body contact areas. Figure 6.5 shows a simplified multi-body linear Kelvin-Voigt

contact force model with friction between the contact areas [218]. As can be seen in

the figure, both contacting bodies have their own spring stiffness and damping contacts.

Also, due to the translation between the bodies on the contact areas, there exists a

friction force that is perpendicular to the line of contact.

Figure 6.6 shows the schematic of the underlying physics and resistance analogy on

an FSR at different loading conditions. As can be seen, the FSR is made up of two

conductive surfaces, a polymer substrate, and carrier particles dispersed randomly in

the substrate. Being a passive device, the electrical resistance of the FSR decreases

when a compressive load is applied over the conductive surface. This phenomenon,

termed quantum tunnelling as depicted in Figure 6.6b, allows for an increase in particle

transmission paths through electron bridging within the polymer matrix. Figure 6.6c
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Figure 6.5: Multibody (sphere-sphere) linear Hooke’s contact force model with friction [218].

shows the FSR when the load has been removed. As observed, the resistance of the FSR

increases again due to an increase in the distance between adjacent carrier particles.

However, it is noteworthy to observe that the resistance of the device does not return to

its initial state. The reason being, the drift which causes the carrier particles to not

return to their initial position results in a different resistance.

(a) (b) (c)

Figure 6.6: A schematic representation of the underlying physics of an FSR. Figures 6.6a

and 6.6b show an FSR with no-load and load, respectively. Figure 6.6c shows the physical

interpretation of FSR drift. Images adapted from [244].

6.1.4 Static and dynamic RPH models

Understanding the kinematic structure of an RPH is pivotal in establishing joint and

contact point conformity during the grasping process. A detailed model of an RPH

thus allows fine manipulation of hand postures through actuator force interaction and

contact point planning. In these models, proper trajectory planning of the RPH might

be computationally expensive as it is based on solving an optimisation problem and may

also sometimes require knowledge of the object’s shape. To avoid this problem, Yang et

al., [245] developed an underactuated robot hand that requires less computation. In

their study, they developed a model that uses three actuators to drive fifteen joints of

a robotic hand. The intuitive control of the actuators was accomplished by directly

applying the EMG pattern recognition method from the human hand gestures to mimic

the joint movements of the robotic hand. However, with these types of under-actuated

models, some joints are not able to freely move, which may result in less functionality.

A model of an SMA-actuated MCP joint of an RPH is shown in Figure 6.7. This joint

is actuated using two spring-biased SMAs that work as an agonist-antagonist muscle

pair. This muscle pair is responsible for the actuation of the abduction/adduction and

flexion/extension of the metacarpophalangeal joint. These SMA-based actuators are

connected to the finger model by extensor and flexor tendon cables at points B and
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C. The opposing contractile actions of the two SMA-based actuators enable the finger
model to rotate about the MCP joint (point O).
A schematic of the external forces acting on the Proximal Phalanges is shown in

Figure 6.7b. The forces due to the weight of the finger and the lower actuator enable the

finger to rotate in a clockwise direction, whilst the upper actuator causes an opposing

rotation of the finger. By applying the equations of motion and equilibrium relations to

this system, together with both inverse dynamics and inverse kinematics, the position of

the joint can be obtained and related to the actuator force. This allows for an optimal

trajectory planning of the model.

(a)

(b)

Figure 6.7: SMA-actuated MCP joint model for an RPH. Figure 6.7a shows the mechanical

coupling between the joint and actuation system [246]. A free-body diagram of the PP is shown

in Figure 6.7b [247].

Figure 6.8 shows the dynamic coupling of an SMA-actuated two degrees-of-freedom

finger model. As shown in the figure, this model consists of a base plate onto which the

finger base is connected through MCP joint 1. Just like the human hand, this base plate

represents the palm. The finger base is then connected to the finger at the PIP joint. In

order to accomplish flexion/extension, the finger base and finger are connected to the

SMA-based actuator through link 1 and link 2. Link 1 connects the finger base to the

SMA-based actuator. This link can accomplish both planar rotation and translation.

This link displacement causes the finger base to rotate about the MCP joint. It can

be observed that this rotation of the finger base causes the finger to rotate by just the

same amount due to their connection at the PIP joint. The finger is also connected to

the base plate through link 2. This link rotates about the fixed connection at the base

plate, which results in further finger rotation in order to accomplish full flexion during

grasping.

The coupling shown in Figure 6.8 is based on a slider-crank mechanism to enable

movement of the finger. At any instant, the position of the finger is always a function

of the angular positions of both link 1 and link 2.

Rotation of link 2 allows the model to be able to grasp objects of different sizes, by

achieving dexterous grasping sequence. Bandara et al., [248] developed an underactuated

RPH model with self-adaption ability. In their study, they modified the cross-bar linkage

mechanism by using length varying links in place of rigid links. These new links had a

prismatic joint and a spring which allows them to vary their lengths. In doing so, the
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Figure 6.8: Dynamic coupling of an SMA-actuated two DoF robotic finger mechanism [234].

passive prismatic joints enabled the fingers to accomplish the different joint angles to

grasp different object shapes.

6.1.5 Grasp trajectory planning

The ability to accurately mimic the operation and trajectory features of a human

hand has become a growing interest in the control of robotic hands. Several studies

have been conducted to develop models that can predict the dynamic and kinematic

behaviour of robotic hands. These studies are all based upon an understanding of

the force transmission mechanism from the tendons to the skeleton. Armstrong and

Chaffin [249] developed a model that predicts the relationship between joint finger

positions and tendon displacements. In their study, they evaluated the Landsmeer

joint-tendon mechanic behaviour during gripping and pinching using different hand sizes

by developing a model to predict finger movement empirically.

The motion of the human finger can be seen as a combination of several joint

trajectories occurring simultaneously to accomplish a certain pre-determined grasping

task. Applied to a robotic hand, this mechanism increases model complexity due to the

requirement of different control schemes for each joint movement. Figure 6.9a shows

the fingertip trajectory for three different grasping tests. In the figure, the centre of

rotation of the finger is located at the MCP joint. In this planar model, the x-axis is
perpendicular to the palm, while the y-axis is aligned with the first metacarpal. The
negative x and y values denote fingertip rotation in a counter-clockwise direction which
is towards the hand palmer side. Figure 6.9b shows the logarithmic spiral trajectory of

the fingertips during cylindrical grasping and the corresponding joint positions for the

different fingers. All the fingers of the hand follow a similar path except for the thump,

which will be pointing in the orthogonal y-axis during this grasping process.

6.2 Methodology

A multistage methodology was adopted in this section, with the first stage focusing on

3-D modelling of the RPH hand using Autodesk inventor. In this stage, joint types and

model materials were defined, together with the associated constraints and boundary
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(a) (b)

Figure 6.9: Logarithmic spiral trajectory of the finger tip during grasping. Shown in Figure

6.9a is the end-point trajectory of an index finger during a tip pinch [250]. A similar trajectory

is shown for the cylindrical grasp in Figure 6.9b [251].

conditions. The next stage involved converting the 3-D Autodesk model into a corre-

sponding Simscape block diagram, as shown in Figure 6.10. This is broken down into

different sub-systems for simulation purposes.

Figure 6.10: Simscape model.

Before carrying out any simulations, all system parameters were defined, and the model

initialised depending on the grasp to be performed. In the fourth stage of the method-

ology, contact modelling of elementary body pairs representing the RPH and the GO

interaction was performed. Next, using joint angles for various grasps, together with

the forward kinematic model, the path followed by each fingertip was established. In

the final stage of the methodology, through the use of the FSR and optical encoders,

the applied force and angular position of the fingertips were simultaneously recorded

during the various grasps.

Figure 6.11 shows the full control system architecture implemented for the modelling

of the RPH. Depending on the grasping being performed, the model parameters are
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initialised in the Simscape simulation environment. As can be seen, depending on the

grasp to be performed, the target force at the contact and joint initial angular position

are first calculated. Together with the output from the FSR and encoder, these are

passed to the comparator, which then estimates the error before passing them to the FLC.

Figure 6.11: Control system architecture.

6.2.1 3-D model and constraints

The RPH 3-D model consisted of 12 parts related to the digits as well as the palmar and

dorsal side enclosures. The parts were developed and assembled in Autodesk Inventor

R2018 according to the mean hand dimensions specified by Chandra et al., [252] (see

Appendix for working drawings). The grasp items presented in Chapter 3 were placed

in the scene at a proximity reflective of grasping. Related to the work by Parshotam

[234], the material of the entire model was specified as homogenous Polylactic Acid

(PLA) with a density of 1.25g/cm3. The 3-D RPH model excluded fasteners, however,

maintained the effect of fasteners through the imposed RPH model constraints.

Revolute constraints were imposed on the following digit joints: MCP 1-5, PIP

2-5 and IP 1. Furthermore, the joints were restricted from translating in a direction

perpendicular to the rotational plane. Constraints were used to fix the palmar and dorsal

enclosures to one another. The addition of silicone or latex-based skin was excluded

from the RPH model due to the associated complexity in modelling. Despite this, the

passive effects of skin on the digit joints were included (refer to Section 6.1.2 for more

details). As previously mentioned, the anthropomorphic RPH model was developed

without distal joints in mind (see Figure 6.1b).

6.2.2 Simscape multibody representation

For simulation purposes, the 3-D RPH model was converted to a Simscape block dia-

gram equivalent. This was done by firstly installing the Simscape Multibody plug-in

for Autodesk Inventor and linking it to MATLAB via a command-line input. After

installation, the 3-D model assembly was exported, resulting in the equivalent Simscape

model. Notably, before exporting the 3-D model, it was orientated such that the hand

was in a set position and relative to the global reference frame (see Figure 6.10). Upon

conversion, the individual 3-D model parts were converted to a STEP format, and an

XML data file was created. The XML data file hierarchically contained the orientation
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and material properties. The Simscape model consisted of 12 custom body elements

interconnected with corresponding revolute joints and rigid transforms. After breaking

the Simscape model up into various sub-systems and re-routing, the process of converting

the 3-D model to a Simscape model was repeated. The repetitions were for each grasp

separately, since, each grasp involved a different GO which needed to be placed in the

scene. It is important to note that the control system revolves around the grasping of

statically stable GOs. Therefore, each GO was constrained, which consequently equated

to the GO being rigidly fixed to the world frame in the Simscape model. Apart from

the world frame, a mechanism configuration block was present which stipulated the

gravitational parameters.

6.2.3 Model parameters and initialisation

As previously noted, an XML data file was automatically created which stored the initial-

isation parameters including the mass, centre of mass, moment of inertia and the product

of mass for each of the model parts. Furthermore, parameters such as the equilibrium an-

gle of each joint and the orientation of each rigid transform were also stored. The loading

of the parameters was done by using various structured variable names in the Simscape

model and linking this to a model initialisation callback, which loaded the XML data file.

The joints were set to be actuated according to the angular rotation, and the torque at

each joint was automatically computed. This required further sub-system routing, since,

the angular rotation was the input to the RPH simulation model. Additional to the

actuation, the internal mechanics and limits were set. Specifically, this meant that spring

stiffness and damping coefficient properties were analytically estimated respectively in

Equation 6.1.2 and 6.1.3, after considering the passive components included in the RPH

by Parshotam. Also, a trial and error approach was used to refine the values prescribed

to the internal mechanics. The joint limits were initially adjusted according to the

specifications of Gellman and McKellop [253]; however, they were subsequently revised

due to the transmission link limitations (see Section 6.1.4). In mechanism configuration,

the magnitude and direction of the gravitational constant were initialised. Lastly, the

solver was set to ODE15s with a maximum step size of 0.05s to reduce the prevalence of a

jerky simulation. Other parameters exist and are discussed in the subsequent paragraphs.

6.2.4 Contact model

To provide force feedback, it was necessary to perform contact modelling on the Simscape

RPH model. This included the incorporation of elementary bodies pairs at specific

locations noted in Section 6.1.3. These pairs consisted of sphere-tube, sphere-sphere

and sphere-plane bodies, representing the interaction between the various GOs and the

RPH. Using the Simscape multibody contact force plug-in, the elementary bodies were

placed at the associated positions. The positions were established by creating a new

reference frame at the pulp of each fingertip and four locations in the palm of the RPH.

Furthermore, to maximise the contact surface between the RPH and GO, the po-

sitions were chosen as per the touch test. Thereby reducing the closure force and

improving grasp security. The contacts were linearly modelled according to the Kelvin-

Voigt contact model with stick-slip friction. Following the recommendations of Flores
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and Lankarani [218], the contact stiffness and contact damping were set to 10000N/m

and 100Ns/m, respectively. These parameters were iteratively lowered depending on the

behaviour of the RPH model, i.e., for exploding variables. Some attempts at estimating

the contact stiffness and damping were made, however, it remained challenging since

these parameters depended on the current and deformed shape of the objects in contact,

the thickness, surface finish and other factors. The static coefficient of friction used

was determined experimentally by Howard [254] for PLA and was slightly reduced to

represent the kinetic coefficient of friction. There were several outputs from the contact

model, such as the friction force, penetration depth, etcetera; however, only the normal

force was of interest. Apart from the contact model, the transient behaviour of the

FSRs in the actual RPH model was accounted for.

6.2.5 Model simulation switching

The procedure of model switching involved the selection of an appropriate RPH model

based on the grasp classification (see Chapter 3). After selecting the appropriate model,

corresponding MCP and PIP joint angles were prescribed in a MATLAB function. These

angles were determined from the 3-D RPH model in Autodesk Inventor. Specifically,

with the contact solver on, the fingers were positioned such that they were in contact

with the GO in a manner indicative of actual grasping. The MCP and PIP angles were

measured using reference frames from both the joints and the global coordinate system.

Rather than providing the final joint angles, these measurements served to locate the

fingertip and were updated according to the recommendation previously suggested.

Apart from the joint angles, the model switching block also allocated the target forces.

As an example, for the 3 jaw chuck pinch, the target forces were specified for the thumb,

index and middle fingers only. These changed with the different grasps as per the touch

test undertaken in Chapter 4. Notably, according to the definition of the eighth class

in Chapter 3, the RPH targets were set to a rest position. This was done such that

any irregularities in the classification would not permeate further into the RPH model.

Similarly, the grasp targets were set to rest for the grasps not currently active. In other

words, for a 3 jaw chuck pinch, the joint angles and forces for the remaining grasps

would be set to rest. By doing this, the task of trajectory planning was vastly simplified

as it did not need to keep track of the previous hand state.

6.2.6 Trajectory planning

The trajectory planning of the RPH fingers superseded the determination of the MCP

and PIP angles for the various grasps discussed in the previous paragraph. From the

MCP and PIP angles, the coordinate of each fingertip was numerically solved using

the forward kinematic model of a two-link manipulator. These coordinates were then

passed through the inverse kinematic model, which yielded two solutions for both the

MCP and PIP angles. The optimum solution was selected based on joint limitations.

After establishing the end-point MCP and PIP angles, the fingertip coordinates were

again computed, and a logarithmic spiral trajectory applied. The logarithmic spiral

trajectory built on from work by Kamper et al., [250] and was computed iteratively for

a user-specified step-size. This resulted in the fingertip coordinates, which followed the
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trajectory and was used in the inverse model to compute the dual solution evolution of

the MCP and PIP joint angles.

Unlike the previously selected angles, these considered the fact that the PIP joint

angle can not be negative; however, this did not apply to the MCP joint angle. A major

factor in whether the trajectory was practically possible came from the limitations

imparted by the links which joined the phalanges. Two-link models were derived and

numerically solved to produce the relationship between the linear translation of the SMA

actuator and the rotation of the MCP and PIP joints. The relationship was described

by the sum of sines using the curve fitting toolbox in MATLAB. Both the trajectory

planning and link models formed part of the augmentation of the input to the RPH

model. The code for both the trajectory planning and the link models are presented in

the digital appendices.

6.2.7 FSR sensor model

The FSRs and encoders located at the fingertips, palm and joints were the only feedback

sensors used in the RPH model. Since the RPH model had outputs that were strictly

the same as those required, i.e., force and angular position, the existing transient models

could not be used. Instead, it was assumed that the sensors only served to impart lag

on the system. Based on the results from Saadeh et al., [255], a time constant was

estimated and used to produce a first-order transfer function reflective of the lag in the

FSRs. This essentially behaved like a low-pass filter. The same could not be said for the

optical encoders as they exhibited very limited transient behaviour; however, depending

on the resolution incurred a noticeable period of delay was seen. This was simulated

by establishing a buffer with a delay of one clock cycle of 80ms. Other than these

modifications, saturation was applied to both data streams to limit the output based on

the maximum force of the FSRs (10N) and angular velocity (31.42rad/s). These outputs

were then fed back to determine the error, which was subsequently the input of the FLC

discussed in Chapter 7.

6.3 Results and Discussion

This section dissects the simulation results from the multi-stage modelling of an an-

thropomorphic RPH model. The findings are based on the methodology described in

Section 6.2. The results obtained by simulating the prehensile movement of the 10DoF

RPH model associated with various everyday tasks are shown in Table 6.1. The RPH

model in Figure 6.1b was used to simulate the hand movements in Figure 3.2. The

different joints of the RPH model represent different joints types of a human hand and

are named accordingly.

For the 3 Jaw chuck pinch, it can be seen that all the joints are inflexion, except

for the thumb IP joint which is in extension. In Figure 3.2, it can be seen that for the

proper balancing of the grasping action, the IP joint has to rotate away from the GO.

Also, from Figure 3.2, it can be seen that during this grasping process, both the ring

and pinkie fingers do not make contact with the GO. The flexion of the MCP joints

and subsequently, the PIP joints of these fingers is due to the connection between the
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MCP joints of all the fingers, which causes involuntary flexion. These connections act

as the transverse ligaments that run across the palmer side of the finger connecting

the heads of the MCP joints which are responsible for provoking involuntary flexion of

neighbouring fingers. Also, the PIP joint of the ring and pinkie fingers are the largest

because there is not an object to grasp that might limit or block their trajectory motion;

hence they are in full flexion.

Again, just like the 3 Jaw chuck pinch, when performing the cylindrical grasp, all

joints are inflexion, except for the IP joint of the thumb. The reason for this follows the

same as the reasoning discussed in the previous paragraph. Furthermore, it can be seen

that the MCP joints of both the thumb and pinkie fingers only rotate by a very small

amount. The reason for this is that, during this grasping procedure, their MCP joints

act more of pivot points for balancing the object. The other fingers then act to grip the

object in place firmly and thus have large MCP joint angles. Furthermore, these high

joint angles consequently lead to larger PIP joint angles.

When performing the Hook grasp, it can be seen that the MCP joints are almost in

full flexion as they rotate towards the palmer side of the hand. Together with the rotation

of the PIP joints, this coupled motion allows the finger to form a concave-upwards

shape that enables the GO to hang from the RPH. The thumb finger is not necessarily

required for full grasping of the GO, and therefore, does not have to rotate. However,

the very small involuntary rotation of this joint is due to the connection between its’

MCP joint and that of the index finger, which triggers rotation.

When performing the lateral pinch grasping, it can be seen from Figure 3.2 that only

the thumb and index fingers are in contact with the GO. However, the other MCP joints

are triggered to involuntarily rotate as they are connected to the index MCP joint. This

then causes the PIP joint of the respective joints also to be inflexion. However, the IP

joint of the thumb is in flexion to allow the GO to balance in the final grasping position.

During the rest position, no joint is triggered to rotate; hence all the joint angles are

zero. For the final tip pinch grasping, only the tip of the thumb and index fingers are

in contact with the GO. During this grasping, the index finger mainly responsible for

holding the object in place and thus has a large total arc of finger flexion. The thumb

IP joint is in flexion to enable the GO to balance in the equilibrium position. Again,

the connecting between the index MCP joint to the rest of the fingers cause involuntary

flexion of the other fingers.

Table 6.1: Set-point Joint Angles.

Finger Joint 1 Angle 1 (◦) Joint 2 Angle 2 (◦)

3 Jaw Chuck Pinch Joint Angles

Thumb MCP 40.12 IP -11.79

Index MCP 37.29 PIP 36.29

Middle MCP 42.66 PIP 31.11

Ring MCP 34.44 PIP 50.94

Pinkie MCP 29.17 PIP 43.09

Cylindrical Grasp Joint Angles

Thumb MCP 3.78 IP -7.25

Index MCP 21.05 PIP 41.79

Middle MCP 23.17 PIP 52.76

Ring MCP 10.02 PIP 57.59

Continued on next page
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Table 6.1 -- Continued from previous page

Finger Joint 1 Angle 1 (◦) Joint 2 Angle 2 (◦)

Pinkie MCP 4.13 PIP 32.48

Hook Grasp Joint Angles

Thumb MCP 0.81 IP 30.63

Index MCP 71.71 PIP 53.95

Middle MCP 70.47 PIP 64.77

Ring MCP 70.29 PIP 68.91

Pinkie MCP 71.80 PIP 40.70

Lateral Pinch Joint Angles

Thumb MCP 35.29 IP -3.44

Index MCP 54.15 PIP 15.29

Middle MCP 42.26 PIP 54.66

Ring MCP 59.75 PIP 49.35

Pinkie MCP 60.11 PIP 39.96

Rest Joint Angles

Thumb MCP 0 IP 0

Index MCP 0 PIP 0

Middle MCP 0 PIP 0

Ring MCP 0 PIP 0

Pinkie MCP 0 PIP 0

Spherical Grasp Joint Angles

Thumb MCP 4.06 IP 6.28

Index MCP 56.87 PIP 27.43

Middle MCP 52.16 PIP 27.99

Ring MCP 49.67 PIP 28.17

Pinkie MCP 55.42 PIP 28.68

Tip Pinch Joint Angles

Thumb MCP 30.40 IP -1.67

Index MCP 40.35 PIP 42.30

Middle MCP 42.43 PIP 47.81

Ring MCP 11.18 PIP 36.25

Pinkie MCP 7.94 PIP 7.40

Figure 6.12 shows the variation of the PIP angle with MCP angle. As can be seen, for

every MCP joint angle, there exit four possible PIP joint angles. Of these four possible

results, two of them occur during flexion, and the other pair is for when the joint is

in extension. The hatched areas represent the range of PIP joint angles at a specific

MCP joint angle. Accordingly, the upper and lower bounds represent respectively, the

achievable maximum and minimum PIP joint angles at a given MCP joint angle. From

this, it is worth noting that the maximum joint angles achievable by both joints indicates

how large the total arc of flexion will be.

Furthermore, a larger range of possible PIP joints signifies high adaptability. This

means that the RPH will be able to grasp objects of different shapes by varying the PIP

joint angles within the prescribed limits to ensure full contact with the GO. However, in

this dissertation, the RPH model was used to grasp only a single-shaped object. With

this in mind, only one PIP joint angle was required for each MCP joint for full grasping.

By examining the results in Figure 6.12, it can be seen that at an MCP joint angle of

37.29◦, the required PIP joint angle for full grasping of the object will be 73.58◦.

Figure 6.13 shows the ROM of the fingertip on the links’ workspace when undergoing a

single continuous flexion/extension cycle. Figure 6.13a shows the desired ROM with
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Figure 6.12: Variation of the PIP angle with MCP angle.

a large degree of adaptability. The ROM of the developed RPH model is shown in

Figure 6.13b. It can be observed that the two results follow a similar loop, and thus

the model developed in this dissertation was sufficient to perform ADL. However, the

model developed in this dissertation could not exactly achieve the desired ROM depicted

in Figure 6.13a. This was due to the model not having the extra DIP joint which

enables extra flexion during grasping, thereby increasing the fingertip ROM. Though

the addition of an extra linkage (distal phalange) would increase the ROM of the mode,

the model would become too complex to model accurately. Also, adding an extra link

would add extra complexity to the design of the model. With that in mind, by further

examining the fingertip trajectory during extension only, both the results are almost

identical. This is because, during extension, the angle of the DIP joint between the

distal and proximal phalanges is zero. Hence, the human finger approaches a two-link

model similar to the one developed in this dissertation. This then results in the observed

extension trajectory making the model good approximation to mimic the movement of

the human hand during grasping.

(a) Desired.

g

(b) Actual.

Figure 6.13: Fingertip range of motion (ROM) during grasping.

Shown in Figure 6.14 is the relationship between the link position and the joint angles

during grasping. At this stage, based on Figure 6.8, it should be noted that the angular

position of the fingertip is a function of both the angular position of the MCP joint and

the rotation of the finger about the PIP joint. These angular positions are determined
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from the kinematic study of link 1 and link 2. From Figure 6.14a, SMA-based actuator

activation pulls link 1. Due to the connection of link 1 to the finger base, it then follows

a slider-crank motion. Furthermore, the finger base will rotate about the MCP joint.

Equation 6.3.1 shows the horizontal displacement of link 1 as a function of both its

angular position and that of the finger base.

(a) RPH at rest position.

(b) RPH in flexion.

Figure 6.14: Kinematic mechanism of link position and joint angle during grasping.

d = a · cos(π − η)− b · cos(β) (6.3.1)

β = π − arcsin(
a · sin(π − η)− c

b
) (6.3.2)

Figure 6.14b shows the relationship between the angular position of link 2 and the finger

base during flexion of the RPH model. As previously described in Section 6.1.4, the

position of the finger is a function of two mechanisms. Firstly, the rotation of the finger

base about the MCP joint, which causes the PIP joint to rotate by the same amount

since the linkage is a rigid body. Secondly, the rotation of link 2 about the base plate

resulting in a relative rotation of the finger about the MCP joint. Equations 6.3.2 -

6.3.5 show the kinematic relationships involved during finger flexion of the developed

RPH model. Using the regression parameters in Table 6.2, the performance of the RPH

model was calculated using Equation 6.3.6.

h =
√

(−k1 + l1 · cos(α)− l2 · cos(π − p))2 + (l1 · sin(α)− l2 · sin(π − p) + k2)2 (6.3.3)

−k1 + l1 · cos(α)− h · cos(ζ) = l2 · cos(π − p) (6.3.4)

p = η + γ (6.3.5)
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y = a1 · sin(b1 · x+ c1) + a2 · sin(b2 · x+ c2) (6.3.6)

Joint a1 a2 b1 b2 c1 c2 R2 NRMSE

MCP 1.3700 0.4524 0.3112 0.4909 -0.2316 2.3680 0.9992 0.0038

PIP 3.3230 1.1420 0.1333 0.2932 -0.1079 2.8260 0.9999 0.0015

Table 6.2: Performance of regression models.

Figure 6.15 shows the variation of joint angle with joint displacement for both the MCP

and PIP joints. From the figure, it can be observed that as the joint displacement

increases, so does the joint angles. The reason being that, during grasping, the actuation

of the finger MCP joints cause them to displace through flexion towards the palmer

side of the hand. This simultaneously causes a corresponding increase in the joint

angle. Because of the linkage between the MCP and the PIP joints, displacement of

the MCP joint will also cause displacement and subsequently flexion of the PIP joint.

With the MCP joint assumed to be directly connected to the origin of the coordinate

system and the links modelled as rigid bodies, the MCP joint thus exhibits the observed

linear relation with joint displacement. However, the PIP joint is not directly connected

to the origin of the coordinate system. Its displacement is a function of both the

MCP joint displacement and the rotation of the fingertip phalanx about the PIP joint

as depicted in Figure 6.15. That is, for every angular rotation of the MCP joint, the

PIP joint rotates by the same amount plus an extra relative rotation about the MCP joint.

Figure 6.15: Variation of joint angles with displacement.

The fingertip positions of the RPH model when the joints are inflexion for the 3 Jaw

chuck grasp are shown in Figure 6.16a - 6.16e. In these graphs, the origin of the MCP

coordinate axis is at the MCP joints, with the hand position originally aligned with the

horizontal x-axis. During flexion, the joints rotate clockwise towards the palmer side of
the hand as they approach the vertical y-axis, which is initially perpendicular to the
palm. From these results, it can be observed that the MCP joint does not translate as

it is fixed to the centre of rotation. Furthermore, as the RPH model linkage is made of
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rigid bodies representing the phalanges, the fingertip is linked to the MCP joint through

the PIP joint. From the kinematic analysis, its position is thus a function of the angular

positions of both the MCP and PIP joints, as shown in Figure 6.16 results. Again, even

though the model does not have an addition DIP joint, it still managed to perform 3

jaw chuck grasp shown in Figure 6.10 and was therefore used in the development of the

FLC.

(a) Thumb finger trajectory. (b) Index finger trajectory.

(c) Middle finger trajectory. (d) Ring finger trajectory.

(e) Pinky finger trajectory.

Figure 6.16: 3 Jaw chuck fingertip trajectories.
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Figure 6.17 shows the Simulink model responsible for actuating the RPH. As shown,

the model inputs a signal from the SMA actuator, which in turn detects the angle that

the MCP, PIP, and IP joints of the RPH will have to move to accomplish the desired

trajectory.
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Figure 6.17: Simulink model 1.

The structure of the single finger and its constraints constructed in Simulink is also

shown in Figure 6.18. The finger is made of 2 joints, with the MCP attached directly to
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the actuator. The IP joint is the closest to the fingertip onto which the finger makes

contact with the GO. At the fingertip, a ball and socket contact is defined to enable

contact force measurement during grasping.

When performing a certain GA, the fingertip comes into contact with the GO at

an angle, and the 9-FSRs attached to the fingers and the palm of the hand measure

the generated contact force between the fingertip and the GO. In addition, the optical

encoders attached to each finger measure the fingertip angle. These 2 variables are

continuously measured and form the basis of the input to the FLC of the RPH developed

in Chapter 7 using feedback system until the required contact force and fingertip angle

is achieved.

IP	Thumb MCP	Thumb

F F1

Thumb_Base_RIGID

F1 F

Thumb_Tip_RIGID

6
Palm	Reference5

Apparatus	3	Jaw	Chuck

4
IP	Output	Angle	Thumb
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MCP	Output	Angle	Thumb2

IP	Input	Angle	Thumb
1

MCP	Input	Angle	Thumb

Out
SphF

TubB

1
Normal	Force	Thumb

<Normal	Force>

Figure 6.18: Simulink model 2.

6.4 Chapter Summary

In this chapter, a simulation based RPH model was developed and used to accomplish

several grasps. The 3-D model of the RPH was developed using Autodesk Inventor,

and simulated in Simscape. The six different grasping actions shown in Figure 3.2 were

simulated so as to optimise the response of the SMA actuated RPH. Depending on the

grasping action to be accomplished, the target positions were calculated and proper

boundary conditions specified by the model. These were used to estimate the error from

the measured MCP and PIP joint movements during the grasping process. Furthermore,

using FSR, the contact force between the finger and the GO was measured and will be

used in Chapter 7 to optimise performance of the RPH.
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Chapter 7

Fuzzy Logic Control of a Smart

Material Alloy-Actuated Robotic

Prosthetic Hand
Towards a Stable and Robust Controller

In this chapter a FLC was developed to control the behaviour of the RPH used to mimic

day-to-day activities of a human hand during different tasks. The FLC was designed to

be able to isolate parameter variation effects by adjusting controller range of universe of

discourse, degree of membership function overlap, the rules that map system inputs to

outputs, and the fuzzy set modes. The simulation results from Simulink showed that

both the steady-state and transient system responses of the system were affected by

varying the controller inputs range of universe of discourse. Furthermore, given that

a proper rule base is set, the system desired output could be achieved by adjusting

fuzzy set output modes. The PID controller managed to track fingertip position with an

initial 5.53% overshoot, whereas the FLC exhibited 0 overshoot. For the force control,

both the PID and FLC exhibited the same trend, meaning their accuracies were within

similar ranges. In addition, when both force and position FLCs were implemented, it

was shown that the 2 controllers were mutually exclusive in controlling the variables. A

4.78% increase in the SSE for the FLC in position control was recorded, and the SSE in

force control periodically varied between -14.28% and + 16.23%. These results were

obtained after varying the output gains of the FLC force and position control to be

67%, and 33% respectively.

7.1 Theory and Literature Review

The increase in the use of multifunctional RPHs has prompted the need for advancement

in signal control in order to improve functionality. Currently, research is being geared

towards the development of technologies that enable RPH control systems to accurately

mimic the range of human motion with minimum user input. The vast majority of

intelligent RPHs require implantation of electrodes and sensors, which apart from them

being overwhelmingly expensive, may be difficult to implant in individuals with limp

deficiencies.

With that in mind, most people eventually resort to the use of less functional RPHs,

resulting in reduced ability to perform day-to-day activities. When controlling RPHs,
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focus is centred on controlling the actuation force and the respective positioning of each

finger during grasping. These parameters are usually measured using sensors connected

to the complex sensorimotor pathways and are passed to the RPH control devices

which determine how much these parameters need to be altered. These sensorimotor

pathways not only coordinate muscle movement, but also process feedback and predict

consequences, thus forming part of the control system.

In healthcare systems, an actuator-driven RPH enables the patient to achieve more

dexterity through the use of advanced control strategies. Therefore, factors that affect

human hand movements, such as the anatomy and physiology need to be properly under-

stood when designing a control system for an RPH. These are responsible for providing

signals that drive muscle movements. To achieve dexterity, neuromuscular synergies

through the central nervous system allow for the control of a large number of joints and

muscles using small sets of neural signals. These synergies, together with those derived

from soft robotic technologies are used to develop highly functional simplistic control

systems for an under-actuated RPH [256]. However, errors due to anatomic changes also

affect the central nervous system, hence proprioceptive and tactical sensory channels

are made use of to achieve somatosensory feedback. This enables the prediction of

future actions through constant internal structure update of the hand and GO interaction.

7.1.1 Generic control systems and theory

The homeostasis designed autonomous and natural control process contained in the

human body is responsible for maintaining human life. However, in some instances, the

human control system fails to accomplish its natural function, thereby requiring external

control systems such as in robotic hands to assist the body in regulating its natural

actions [257, 258, 259]. These external controllers are usually based on adaptive, optimal,

and predictive control strategies. The aim of these controllers is to stabilise physiological

variables to the specified setpoints. This can be accomplished either through nega-

tive feedback to reverse perturbations or using anticipatory open-loop systems [260, 261].

When applied to RPHs, the homeostasis principle allows for the control centre

coordination with the sensors and actuators so that specified grasping actions can be

accomplished. The three most basic control strategies being the negative feedback

control, feed-forward control, and adaptive control. In this dissertation, focus is placed

around the control of force and the position of the RPH fingertip. As such force sensitive

resistors were used to measure the grasping force, with optical encoders as position

sensors. Finally, the SMA-based actuator described in Chapter 5 receives signals from

the controller to adjust the movement of the RPH during grasping.

The block diagram for a negative feedback control process for a human body is shown

in Figure 7.1 [262]. This control strategy involves the use of both force and position

sensors attached to the RPH to detect both the applied force and the location of the

RPH fingertip in relation to the specified setpoint. In the comparator, a comparison

between the actual outputs and the setpoints occurs, after which an error signal is sent

to the controller. The controller then calculates the corrective action and sends it to the

actuators. The actuators respond to the corrective signal such that the physiological

variable is maintained in a stable steady state [263].
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Figure 7.1: Negative feedback block diagram of the human body control process.

In a feed-forward controller, command signals are generated without the need of a

continuous closed-loop, that is, feed-forward control strategy is open-loop [264]. Figure

7.2 shows the feed-forward control system with sensors used to both measure and predict

extrinsic perturbations. Apart from being used as the direct forcing function, a feed-

forward controller output can also be transmitted as a command signal to a feedback

controller. These input commands being the setpoints of the overall control system

[263].

Figure 7.2: Schematic representation of a feed-forward control system.

As opposed to negative and feed-forward control where there are immediate changes

in the output, adaptive control modifies system elements. In adaptive control, feedback

information is used to enhance beneficial alterations in the controlled variable over time

[262, 265]. Figure 7.3 shows the model reference of an adaptive control system. In this

model, the actual and setpoint outputs are compared and an error signal is passed to

the dynamic evaluator, which modifies the feed-forward controller characteristics. An

adaptive controller modifies the systems response to future input signals, and therefore

does not produce real-time changes [263]. This is the basis of most robotic hand

controllers due to the need to constantly move the hand during grasping.
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Figure 7.3: Adaptive model reference control system.

7.1.2 RPH control systems

In order to achieve precise dexterity, RPH users would need to control finger and thumb

movements to generate the required grasping force. This movement control would re-

quire either a mechanical, electromechanical, or an electronic interface. Through muscle

synergies, signals generated by the user can be sent to the actuator to accomplish the

intended action. Apart from grasping, the user might simply want to open and/or close

the hand [266]. The simple feed-forward or open-loop control strategy shown in Figure

7.2 may be implemented in order to accomplish such action. However, for precise control

of the robotic hand fingers, there is need for comprehensive mathematical modelling of

all the control systems’ building blocks [263]. This requires a complete determination of

all the model parameters through measurements. However, backlash and friction are

variable parameters in finger mechanisms which make modelling complex and difficult

to control the output variable to the given setpoints [266].

The negative feedback control system shown in Figure 7.1 is a much better idea than

the open-loop system for RPH control. A controller with negative feedback provides

better performance by enabling automatic grasp compensation and precise movement

of the RPH fingers. Although the open-loop control system works well in force and

position control, there is a need to monitor the hand continuously which sometimes

has a cognitive burden on the user [266]. To reduce the cognitive burden on the user,

a hierarchical control structure shown in Figure 7.4 can be adopted to implement a

control strategy. Also if Figure 7.4 is implemented with automatic electronic systems

used in the lower control levels, the user can signal the controller to a specific task and

observe any deviations of the RPH from the setpoints. Haptic feedback can be used to

allow sensory feedback to the RPH users [263, 266].
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Figure 7.4: Hierarchical control structure of the human control process.

In RPHs, several control algorithms are implemented in the controllers for both

feedback and feed-forward loops. Due to the RPHs being nonlinear dynamic systems, no

general control algorithm is suitable for all robotic hand functions. The most common

control algorithms include feedback linearisation, linear control, and adaptive control

[267]. Feedback linearisation aims at achieving a linear differential equation based on

the error command using a defined control law. Since the control law design is based on

a nominal robot model, this control technique can be thought of as being model based.

However, due to disturbances and uncertainties in parameter variations, robustness is

not guaranteed when using this control technique [268]. The linear controller, designed

from linearisation of the equations of motion about a setpoint is the simplest technique.

This method determines root stability locally, of which the most practical forms

being the Proportional, integral, and derivative control methods [269, 270]. Lastly,

adaptive control technique is mostly used for the control of time-varying setpoints.

This method is more effective than both the feedback linearisation and linear control

techniques. In addition, adaptive control can be made more robust by designing it based

on the system nominal model and taking into consideration some degree of uncertainty

in parameter variations [271]. This method is the basis of FLCs that will be developed in

this dissertation since the RPH is required to achieve grasping of objects with different

shapes, hence the need for adaptive control.

7.1.3 Force and position control

Application of robotic hand technologies present challenges regarding size, appearance,

weight, and control. All these are critical to achieve a suitable and robust robotic hand

that enables the user to perform day-to-day activities. Most prosthetic hands have a

few degrees of freedom, limited humanoid appearance and make use of a single actuator

that can exert large forces during grasping [272]. These robotic hands are thus easy

to control. However, an increase in the DoFs requires the use of more actuators, and
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hence new control strategies thus need to be incorporated. Given that, many researchers

are focusing on the improvement of control algorithms for the different contact forces

exerted due to the action of different actuators.

A typical example in force control is by taking a control action as being proportional

to the sEMG signals from antagonistic user muscles during grasping [273, 274]. This

is a neural-based control approach, which can be integrated using a mechanical design

approach to provide a feasible RPH force control technique. Zhao et al., developed an

EMG motion classifier that used a neural network based on variable learning rate with

wave parametric autoregressive (AR) model. This pattern classifier uses signals from

sEMG to identify the type of intended hand movements [274].

The core of the RPH designed in this dissertation is based on an under-actuated

cable mechanism for each of the five fingers. This robotic hand used a single force sensor

on each fingertip and four sensors on the palm of the hand to measure the contact force

between the hand and the grasping object. To improve force control on this bio-inspired

RPH, force regulation and stability during grasping must be accomplished. Direct

approaches to the control of grasp force such as compliance control, hybrid position or

force control, and impedance control can be implemented [272]. These controllers can

be implemented in both the feedback and feed-forward control schemes presented in

Section 7.1.1. Their aim is to provide accurate control on the robotic hand, by rejecting

noise, disturbances and minimising the error signals.

The most conventional controller used in RPH systems is the Proportional-Derivative

(PD) controller. This controller can be used to obtain the angular positions of the finger

joints and contact forces given the required trajectory of the RPH fingertip. When

implementing this type of controller, the input forces to the controller must ensure that

the angular acceleration of the joint linkages satisfy Equation 7.1.1:

q̈(t) = q̈bar(t) +KD(q̇bar(t)− q̇(t)) +KP (qbar(t)− q(t)) (7.1.1)

Here KD is the derivative gain and KP is the proportional gain, and the variables

qbar, q̇bar, and q̈bar are respectively the desired reference joint trajectory, velocity, and
acceleration. The actual measured joint trajectory, velocity and acceleration are given

by q, q̇, q̈ respectively [275]. The error (e = qbar–q) can be made to approach zero by
selecting the gain KD and KP , such that the roots of the characteristic equation have

real parts that are negative.

This control model has been shown to exhibit better convergence when implemented

in a decoupled control system where each joint is controlled by an independent single

PD controller. However, for a multi-fingered RPH with a large number of DoF, the use

of PD controllers makes the system computationally expensive, and also increases the

steady-state error [276]. In addition, during fast grasping where there is a drastic change

in the inertial loading terms which makes the system nonlinear, the PD controller with

constant gains fails to perform well [275].

To reduce the effect of system nonlinearity of the controller performance, the Active

Force Control (AFC) can be implemented. This control technique ensures that stability

and robustness is maintained in the system even in the presence of both noise and

disturbances [277]. The AFC method relies on the measurement and estimation of the

number of parameters that affect its ability to compare signals and the reduction in

the cost of computation. The error signal from the compensator is used to calculate a

corrective signal that is fed to the actuators.

This method can be used for nonlinear systems due to its fast decoupling ability
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[275]. In order to obtain more accurate results, an iterative approach proposed by

Uchiyama and developed by Arimoto [278] can be implemented together with the AFC.

In their study, Arimoto et al., proved that the convergence, robustness, and stability of

the learning algorithms improved with the increase in the number of iterations [275].

However, the AFC with iterative learning produces large initial tracking errors at the

onset of contact between the fingertip and the grasping object [275].

With advancement in signal processing techniques, recent force and position control

methods have been developed based on PID controllers. These controllers greatly im-

prove the control of robotic hands. Studies by Yuden et al., [279], showed that by using

a PID controller the position control of an RPH can be accomplished with steady-state

errors less than 0.11◦for a 30◦reference angular position. Their study used a master data

glove (MDG) with flex sensor and XBee module for signal transmission to the robotic

hand.

In order to receive the signal from the MDG, the robotic hand was also equipped

with an XBee module, together with a DC-geared motor. Even though greater sys-

tem performance was achieved, the system transfer function was only confirmed using

system identification tools, instead of mathematical modelling. Reconfirmation using

mathematical modelling would provide performance by allowing easier trial and error

modifications of the transfer function [279].

The use of PID controllers for positioning of robotic hands can also be extended to

higher DoF systems. Shauri et al., [280] developed a method to fine tune the parameters

of PID controllers for the feedback position control of a 7-DoF 3-fingered RPH. Their

RPH model was actuated by a DC motor, with magnetic encoders as sensors, and a

motion control unit.

A trial and error method was used to improve the RPH transient response. It was

observed that the robotic hand managed to follow the prescribed trajectory motion that

was pre-programmed using the Motion Manager Application with acceptable precision.

The PID controller managed to reduce the RPH rise time, overshoot, and the steady-

state error [280]. However, this method only proved accurate when used to grasp round

and rectangular objects.

7.1.4 Fuzzy logic control

The use of fuzzy logic systems has gained popularity in the design of accurate and

robust control systems. Due to their accuracy, FLCs are increasingly being used in

the control of robotic manipulators to enable accurate mimicking of the human hand

motion and grasping capabilities [281, 282]. Several researchers have shown that FLCs

have an added ability to interpret linguistic data other than the commonly used control

techniques which normally work with only data presented in a mathematical framework

[283].

Mathematical models can be sufficiently implemented in the control of systems with

time-varying outputs or continuous disturbances. However, as the system complexity

increases, mathematical models become less effective for in the design of controllers. This

unreliability of mathematical models to precisely control system behaviour continuously

increases until a point is reached were precision and relevance almost become mutually

exclusive, such that it becomes almost impossible to implement mathematical-based

control strategies. Most day-to-day activities such as grasping are very complex and
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therefore inherently fuzzy [284].

Unlike mathematical models, FLC systems have shown to include skill, reasoning,

and heuristics in the determination of future model events. Therefore, FLCs are much

more effective when implemented in systems with ill-defined models, which are not

reliable enough [281]. These FLCs use multivalued logic sets to describe vagueness or

probability of occurrence of a certain decision or variable.

This theory was first introduced by Zadeh [284], who created fuzzy sets of differ-

ent degrees based on the multivalued logic theory established earlier by Lukasiewicz

[282]. Unlike the classical Boolean logic (1 or 0; True or False), fuzzy logic sets are

multivalence from 0 to 1. Based on the described multivalence fuzzy logic by Zadeh

[284], Mamndani developed the first fuzzy logic system to control a steam engine and

traffic lights, which prompted further development in FLC due to its improved preci-

sion monitoring abilities and greater accuracy in tracking system variables [281, 282, 283].

7.1.4.1 Fuzzy sets and fuzzy logic

The use of fuzzy-sets is based upon a definition of collective objects that have the

same characteristics known as the universe of discourse [281]. A collection of these

objects/elements is called a classical-set, in which all member elements exclusively belong

to this set. On the other hand, elements that are not in the member set are not related

in any form to the set. Figure 7.5 shows a definition boundary of both classical and

fuzzy-sets [263].

(a) Classical-crisp set boundary. (b) Fuzzy-set boundary

Figure 7.5: Definition boundary for classical and fuzzy sets.

The fuzzy-set theory extended the characteristic function used in mathematical

modelling into a much more generalised or vague form called the membership function

that ranges continuously from 0 to 1. The fuzzy-set is thus defined by such an extended

membership function. In contact, the two-element characteristic function is used to

describe the crisp-set. In fuzzy-sets, the theory of vagueness is used to determine the

degree of membership of a variable to a set. This degree of membership becomes

important to obtain the overall effect of a specific variable to the output [263, 285].

Referring back to Figure 7.5b, point a is encompassed in the fuzzy-set, while point c is
not. Since point b falls on the boundary, its membership to the fuzzy-set described is
ambiguous.

179



7.1.4.2 Membership functions

The fuzziness of FLC is best described by its membership function which gives an

indication of the degree-of-truth of a certain variable. The use of membership functions

is based on experience as opposed to knowledge in solving for the effect of a specific

variable on the system output [286]. The most commonly used types of membership

functions are shown in Figure 7.6, and the choice of which type of function to use is

application dependent.

(a) Γ-function (b) S-function

(c) L-function (d) Λ-function

(e) Pi-function

Figure 7.6: Common types of membership functions.

In addition, in most fuzzy control systems, a simple triangular or trapezoidal function

is sufficient in achieving accurate and precise system control. This limits the use of the

more complex Gaussian and S-type membership functions. The Γ-function, L-function,

and Λ- function memberships can be defined as follows:
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Γ− function, Γ : U → [0, 1]

Γ(x;α, β) =


0, x < α

(x− α)/(β − α), α ≤ x ≤ β

1, x > β

(7.1.2)

L− function, L : U → [0, 1]

L(x;α, β) =


1, x < α

(x− β)/(α− β), α ≤ x ≤ β

0, x > β

(7.1.3)

Λ− function, Λ : U → [0, 1]

Λ(x;α, β, γ) =


0, x < α

(x− α)/(β − α), α ≤ x ≤ β

(x− γ)/(β − γ), β ≤ x ≤ γ

0, x > γ

(7.1.4)

α , β and γ are the specific points of interest that define the properties of the different
membership functions.

7.1.4.3 Fuzzy control systems

Standard controllers require a mathematical model that describes the system behaviour

using differential equations. However, FLCs make use of fuzzy sets described in section

7.1.4.1, together with membership function rules to describe the system behaviour [281].

Figure 7.7 shows a typical block diagram that represents an FLC. This block diagram is

made up of 5 main elements namely, the fuzzifier, knowledge base, rule base, inference

engine, and the defuzzifier [263, 285].
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Figure 7.7: Fuzzy logic control block diagram.

All the parameters of the FLC block diagram elements can be set such that they

automatically change during the control process, thereby creating an adaptive fuzzy

logic controller. FLCs that have fixed element parameters are non-adaptive, and are

commonly used as they are easy to develop and implement [281, 287]. In the fuzzification

module, input crisp data is converted into fuzzy values. This fuzzification process allows

data to be suitable for representation in the rule base [288].

The complete plant database is stored in the knowledge base in which all fuzzification

commands are processed. These include the membership functions, representation of

fuzzy sets input-output variables, as well as functions for mapping between the crisp

and fuzzy domain [281]. In the rule base, expert knowledge is used to define the system

control strategy. This is achieved using fuzzy inferences and consequences together with

linguistic variables. This can be represented as shown below:

IF error(e) is BigPositive(BP ) THEN output(u) is BigNegative(BN)

rule antecedent rule consequent

Here the error and output are the linguistic variables, and Big Positive, Big Negative

being the linguistic values. In FLC, the Mamdani fuzzy implication technique is usually

used to interpret these rules [281, 286]. The membership functions for a typical fuzzy

logic controller are shown in Figure 7.8.
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Figure 7.8: Membership functions of the output linguistic values.

These membership functions are used to obtain the output variable of the controller

over the defined universe of discourse. That is, the linguistic values LU1 to LU5 are a
mapping of the input data. At this point it is worth noting that the ranges of the mem-

bership functions can overlap between each other depending on the expert conditions

defined. For the case with clipped membership functions, the output value will thus be

the union of the two functions as shown in Figure 7.9.

Figure 7.9: Distribution of an output condition using the weighted area method.

The output value of the inference engine on its own has no practical significance

as it is a fuzzy output. For it to be used as a control command, this result needs to

be defuzzified into a crisp value that can be passed to the actuator or plant. Several

defuzzification methods can be used depending on the FLC application and processing

power available. With that in mind, the weighted average defuzzification technique

shown in Figure 7.9 is commonly applied and yields acceptable crisp values with mini-

mum processing power requirements [281, 286, 289].
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7.1.4.4 FLC control of RPH

The use of fuzzy logic greatly reduces the complexity in the control and classification

of multi-signal patterns, which usually occur in robotic hands that have multiple DoF.

Although other algorithms have been developed to accomplish the same goal, they

usually have a longer data acquisition window and decision making times, which in most

recent cases might not be acceptable to the end user [287, 290, 291]. Fuzzy systems on

the other hand, provide fast response times and are easy to implement in the control

of RPHs. Furthermore, once the membership functions have been established, very

little computation occurs in the fuzzy control system. The implementation of FLC can

therefore be accomplished readily using simple 8 bit microprocessors [287].

In addition, the ease of membership function inference rule generation using simple sig-

nal statistics means that data clustering can easily produce a prosthetic user-transparent

fuzzy system. In this case, the user only has to accomplish the easy commands, while

the fuzzy system takes care of the more complex computations. The increased use of

sensors in RHP systems also reduces cognitive burden on the user.

Ajiboye and Weir [287], developed a heuristic FLC for multi-functional robotic con-

trol with multiple EMG pattern recognition. In their study, they used basic statistics to

construct membership functions together with data clustering for automatic construction

of the inference rule base. 4 membership functions (OFF, LOW, MED, HIGH), to

cover the input range were generated using the EMG RMS value during contraction.

This ensured a 50% overlap between adjacent membership functions. Also, 4 triangular

membership functions were also generated for the output condition. The trapezoidal

membership functions were specified for both the OFF, and HIGH states in the input

range. The rule base was generated using an automatic fuzzy clustering method in

Matlab.

Their system showed good update rate with minimum processing time and high

classification rates. This model allowed control of multi-DoF robotic hands during both

steady and transition motion states [287]. However, their control method was not able to

accomplish parallel control, and thus still requires modification to incorporate systems

with mutually exclusive control variables.

Alassar et al., [292] developed both FLC and PID controllers to manipulate joint

movement of a 5-DoF robotic arm using Simulink. In their model, they compared the

time responses of a Lynx6 robotic arm due to a step input signal. Their PID controller

was tuned using both the Ziegler-Nichols, and root locus methods to obtain the respective

PID controller parameters. In addition, a MISO FLC with 2 inputs namely, error and

change in error was developed. Figure 7.10 shows the membership functions of the

input error, change in error, and the output variable u. Each variable has 7 membership
functions that span across their respective ranges.
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(a) Membership function of input error e.

(b) Membership function of input change of error ∆e.

(c) Membership function of output u.

Figure 7.10: Fuzzy logic control membership functions.

Figure 7.11 shows the response of the PID and FLC for a 60◦and 120◦step input.

These results show that the FLC controller had better performance than the PID

controller. A rise time of 0.14s and 0.15s was recorded for both angles of the FLC,

whereas the PID controller produced respectively, 0.22s and 0.23s rise time for the

60◦and 120◦angles. Also, both input signals, their FLC had a nearly 0 SSE, whereas the

PID recorded SSEs of 0.01 and 0.003 for the 60◦and 90◦input signals respectively [292].

Most fuzzy control systems do not require intensive memory, this then allows for the

generation of high-level fuzzy logic commands. Bowers and Lumia [293] developed an

expert fuzzy logic mechanical hand to accomplish grasping of objects that are randomly

placed on a surface using an intelligent vision system. In their study, vision data was
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(a) θ = 60◦.

(b) θ = 120◦.

Figure 7.11: Fuzzy logic control and PID controller step responses.

used to generate a nonlinear mapping between the grasping object and the configuration

of the hand. Using computational geometry in a post-grasp stage, they managed to

ascertain grasp quality, thereby validating the fuzzy logic-generated hand configuration

[293]. Although this work managed to provide a reliable technique for grasping using

limited power, the need to include a learning process that modifies the membership

function rules makes low processing power computers unreliable.
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7.2 Methodology

This section outlines the methodology undertook in modelling the control and behaviour

of the RPHs. Simulink was used to model the behaviour of the RPH during grasp-

ing with the aid of different controllers. Both PID and fuzzy logic controllers were

used to control the power and force input signals passed to the actuator in order to

accomplish the different grasping actions as outlined in Figure 3.2. A Simscape model

of the robotic hand in its initial state before grasping commences is shown in Figure 7.12.

(a) Before grasping. (b) In contact with GO.

Figure 7.12: 3 jaw chuck grasp, before and after grasping.

All the 7 initial pre-grasping positions are the same for all the grasping models, thus

the rest position of all grasping actions are identical. The robotic hand is a 5-fingered

model with 2 joints at each finger making it a 10-DoF system. Each of these fingers

is connected to the SMA-based actuator, with each finger being able to accomplish

a maximum of 90◦flexion during grasping. Also, a ball and socket joint at the tip of

each fingertip and at the 4 locations of the palm make the attachment to the force

sensitive resistors. These resistors, as explained previously in Chapter 4, measure the

contact force between the hand and the grasping objects, which is fed back for control

purposes. Figure 7.13 shows the block diagram of the RPH control process developed in

this dissertation.

Figure 7.13: Schematic diagram of the RPH control process.
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In order to perform a grasping action in the Simulink model, the SMA-based actuator

sub-system which is connected to the RPH, extends and contracts as shown from the

FEA model in Section 5.3.1. This in turn causes the robotic hand to accomplish the

prescribed grasping action intended by the user. The model is also incorporated with

optical encoder subsystems attached to each finger for joint angle measurements, which

are also feedback signals for control purposes in order to accomplish fine grasping actions.

7.2.1 Feedback system

Before a signal is passed to the actuator for grasping, the position, orientation, and

the shape or size of the grasping object needs to be established. This is accomplished

by the optical encoder system described above together with the signal from the grasp

classification model. Part of the grasping actions involves determining the geometry

of the object, this is when cognitive burden arises, as the user would need to have

an accurate visual interpretation of the grasping object before classification of which

grasping action must be undertaken. The grasp classification technique developed in

Chapter 3, Section 3.3 acts as the input to the full control system.

7.2.2 Grasping

The grasping action procedure uses grasp classification data to generate a nonlinear

mapping which then pass a signal to the actuator to cause finger movement into the

set grasping position. In order to accomplish fine grasping, finger adjustment through

control of input power and force to the SMA model is accomplished by the controller.

This adjustment is made possible by measuring the angular position of the fingertip and

the contact force between the finger and the grasping objecting. Fuzzy logic rule base

is used to provide the nonlinear mapping between the grasping object and the current

fingertip position. In this model, several fuzzy rule bases and mappings were developed

and evaluated for better system performance. The FLC designed was used to establish

the quality of the grasping action through continuous adjustments of both power and

force inputs to the SMA-based actuator that drives the plant.

7.2.3 Fuzzy mapping rule bases

There exist several methods for vision data transformation to the hand signals. The

easiest way being the basic Single-Input-Single-Output (SISO) rule base. This method

maps 1 input to 1 output signal. However, the model developed in this dissertation uses

both power and force as input signals to the SMA-based actuator. In addition, 2 signals

in contact force and fingertip angular position act as negative feedback to the system.

Based on the setpoint angle and force, 2 error signals are passed from the comparator.

These signals together with their derivatives are used as the input signals to the FLC.

However, in order to minimise complexity, 2 separate FLCs for both the angle and

force control are developed. Thus, each FLC would have 2 inputs (i.e., error and change
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in error) and power as the output variable in both cases. The developed FLC is a

Multi-Input-Single-Output (MISO) FLC. Figure 7.14 shows the fuzzy fis system used to

develop the membership functions and rules for the control of the fingertip angle during

grasping. A similar approach is followed for force control and the fis and membership

functions are shown in Appendix 10.

Figure 7.14: Fuzzy fis system for fingertip angle control.

7.3 Results and Discussion

This section presents and discusses the simulation results from the control of the be-

haviour of the anthropomorphic RPH model using Simulink. The findings are based

on the methodology described in Section 7.1.1. The results obtained by simulating the

prehensile movement of the 10-DoF RPH model associated with various everyday tasks

using the developed FLC are also compared with the PID controller results. The RPH

Simscape model in Figure 7.12 was used to simulate the hand movements shown in

Figure 3.2 with the different grasps named accordingly in the Simulink model.

The Mamdani-type fuzzy logic method was selected for the development of the FLC.

Being more intuitive than the Sugeno-type, the Mamdani method assumes a fuzzy-set

output variable. These fuzzy-sets are easy to convert into crisp output variables using

the defuzzification process. On the contrary, the Sugeno- method has singleton output

variables in the form of consequent equations. This makes it much more mathematically

inclined resulting in added complexity without any improved efficiency compared to the

selected Mamdani-type FLC. In addition, the Mamdani-type FLC better preserves the

local and global interpolations.

The most crucial part in the design of a fuzzy logic controller is the selection and

definition of which membership functions to use. In this study, for all the input and

output variables, the triangular and trapezoidal membership functions were selected.

These membership functions and rules were continually adjusted to improve the per-

formance of the FLC. Several approaches in adjustments of these functions exist such

as fuzzy evolutionary algorithms, and fuzzy clustering methods. This study used the

generic-based approach which still yields acceptable accuracy at low computational cost.

Also, during the different grasping actions, there is notable dynamic variations in system

parameters within small amounts of time. These variations can be adequately captured

using the selected membership functions. Figure 7.15 shows the chosen membership
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functions for calculating the error in the fingertip angle.

Figure 7.15: Membership function of input angle error.

As can be seen, a total of 7 membership functions were chosen. These membership

functions include 2 outer trapezoidal membership functions at the ends of the error

range, and 5 differently-sized triangular membership functions spanning almost 40% of

the error range. The choice and number of membership functions used in the design

of the FLC were based on expert knowledge through iterative adjustments and con-

tinuously monitoring the system response. In addition, an overlap of 0.5 was allowed

between adjacent membership functions. This overlap was also iteratively adjusted

beginning at 0.25, and also provides corresponding linear interpolations between the

rules and consequences. Also, the use of triangular membership functions improves the

convergence of the controller output as compared to other membership functions.

In a study by Bose [294], on the application of an expert system fuzzy logic approach

in motion control of power systems, they used overlapping triangular membership func-

tions crowded at the origin. This ensured better precision control of the system variables

near steady state without the need to have a large number of membership functions.

This also reduces complexity in that only a few rules will need to be defined [294]. The

membership functions of the change in error are shown in Figure 7.16. The change in

error assists in developing the possible controller output using a lookup table.

Figure 7.16: Membership function of change in input angle error.

Table 7.1 shows the look-up table used to generate the rule base for the control of

the joint angle during grasping. This table uses the 7 membership functions from the
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error signal and the 3 membership function for the derivative of the error to obtain the

different outcomes of the controller. The Mamdani fis system uses the “OR” and “AND”

logic rule base to generate control outputs. In this dissertation, the “AND” rule base was

used so as to achieve precise control and tuning of the output variable. By continuously

changing the number and range of membership functions, the possible control outcomes

in the rule base were also being changed. This was done up until the best rule base

combination was obtained that provides the most accurate force and position control

during grasping.

Table 7.1: Fuzzy logic output lookup

HHH
HHe

∆e
N Z P

N3 W2 W2 W2

N2 W2 W2 W2

N1 W2 W2 W1

Z W1 W4 W5

P1 W4 W4 W5

P2 W4 W4 W5

P3 W4 W4 W5

The possible results from the lookup table are obtained from the output membership

functions shown in Figure 7.17. These membership functions have a 50% overlap, which

was reached after careful iterations and observing the response of the controller output

during grasping.

Figure 7.17: Membership functions of output variable.

Although there were continuous changes in the fingertip angle setpoint and the

grasping force for the negative feedback control system, the FLC developed model was

able to adapt to these variations. This is further made possible as the RPH user plays a

part in the feedback control system. This adaptive rule base control system is also able

to adjust to disturbances making it more reliable than the conventional PID method

that is sensitive to parameter variations.

The use of adaptive FLC in improving control strategies was also investigated by

Mahfouf et al., [295]. This study focused on the utilisation of FLC in medicine by first
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identifying that the human mind operates by extracting meaningful information from

approximate data, thereafter producing crisp outputs. With this being the basis of FLC

development, Mahfouf et al., utilised an adaptive fuzzy control rule base to control the

trajectory of arm movements. Figure 7.18 shows the graphical representation of the

defined rules.

These rules can be said to contain information of the system domain and the intended

control targets. All the defined rules consist of both a data base and fuzzy control

rule base. A combination of any of the rules enable the graphical mapping of inputs

to outputs as shown in the Figure 7.18. This graph also gives information to obtain

the linguistic control rules and fuzzy logic data, used to manipulate the outcome of the

controller. Furthermore, the rules give a characteristic of the control goals and policy of

the system.

Figure 7.18: Surface plot of the fuzzy logic control defined rules.

Figure 7.19 shows the RPH angle control response when a PID controller is used.

The graph shows the variation of joint setpoint angle, trajectory path of RPH fingertip,

and the error between the 2 signals. These results are for the 3 jaw chuck during the

first 40s for the thump finger. As shown, when the time starts, the RPH is at rest

for the first 10s. Thereafter a signal is passed to the RPH to perform the 7 grasping

actions sequentially starting with the 3 jaw chuck. At 10s, the fingertip setpoint angle

raises steadily from 0 to 0.38 rad in about 2.3s. The fingertip is then set to stay in this

position for an extra 27.7s after which the setpoint returns to 0 on completion of this

grasping action.

By changing the fingertip setpoint angle, it can be seen from Figure 7.19 that the

actual measured fingertip angle follows a similar path to that of the setpoint for the

duration of the grasps. However, there is a slight delay in the PID controller response

at the onset of grasping which is at 10s. This delay affects the control signal’s rise time

as seen from the graph, resulting in a 0.02% delay in the systems rise time when the
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PID controller is employed. Also, the internal dynamics of the PID controller cause the

actual fingertip angle to exhibit the observed overshoot resulting in an initial oscillation

and system instability.

Figure 7.19: PID control system response for angle control.

The derivative gain was increased steadily to minimise overshoot until a point was

reached where further increase in the derivative gain caused unexpected system response.

From 14.5s, it can be seen that the PID controller follows the same trajectory as the

setpoint angle. In this region, the PID controller accurately adjusts to the joint set-

point, however, a slightly high controller gain was responsible for a 0.1374% error being

recorded.

Reducing the proportional gain further would cause the output to have a higher error

magnitude than the one measured. Also, this error could be attributed to some degree

of parameter variations, and thus making it difficult to accurately track the fingertip

trajectory. At 30s when the setpoint joint angle for the 3-jaw chuck grasp is switched

back to 0, there exists a further delay in the response of the PID controller. This can be

attributed to the lack of the PID controller to quickly adjust to variations in system

parameters.

Figure 7.20 shows the response of the RPH when the PID controller is used for force

control. As can be seen, at the onset of grasping, the force setpoint becomes unsteady

and oscillatory with a 0.9837N difference between the maximum and minimum peaks.

This oscillatory behaviour is due to the continuously changes in the contact surface

areas between the fingertip and the GO. These rapidly changing contact pressure forces

cause the controller to continuously try to adjust its outputs resulting in the observed

trend. In this region the PID controller overestimates the system response for the first

10s of grasping by about +0.238N to +0.485N. During the last 10s of grasping, this SSE

falls to within a range of ±0.0837N. This can be attributed to the PID having a better
control ability with each feedback loop.
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Figure 7.20: PID response for force control.

The criteria used to compare the performance of the FLC is similar for all the

grasping actions performed by the different participants. It should therefore be noted

that the simulation conducted in Simulink aimed at providing a critical examination of

the dexterity of the developed RPH when used to perform human day-to-day activities.

Figures 7.21 and 7.22 show the system response from the implementation of an FL

controller, for both the angle and force respectively.

Figure 7.21: Fuzzy logic controller response for angle control.

As shown in Figure 7.21, the FLC accurately follows the set trajectory of the RPH
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during the 3-jaw chuck grasping action. Based on the methodology described in Section

7.2, the FLC used expert knowledge and iterative tuning. From this, initial results of the

FLC with little adjustments in membership functions and rule base gave large steady-

state errors. The range of universe of discourse was expanded iteratively for both angle

and force input error signals and was equivalent to the reduction of a PID controller gain.

Figure 7.22: Fuzzy logic controller response for force control.

This was indicated by a drop in the system response resulting in high initial steady-

state error on the onset of grasping as the controller became slow in responding. In

observing this, the controller response was adjusted to reduce this lag by reducing the

input error signals’ range of universe of discourse. This improvement in the speed of

response resulted in the response getting closer to the setpoint, meaning a reduction

in the steady-state error. However, this came with an unwanted oscillatory behaviour,

which is analogous to an increase in the PID controller gain [296].

As shown in Figure 7.21, the controller managed to accurately track the setpoint

angle of the RPH. By further adjustments of the FLC, it was found out that overlapping

of membership functions eliminated the oscillatory behaviour of the controller response,

thereby resulting in a smooth curve. However, before initiating the first grasping action,

the FLC was recording a constant oscillatory fingertip output angle. This constant

oscillatory behaviour can be attributed to the robotic hand user not being fully steady,

and thus passing small signals that try to initiate grasping even when the setpoint joint

angle is still set to be at 0 or at rest.

As explained in the previous paragraph, increasing the speed of response of the FLC

was enabled through reduction in the input error range of universe of discourse. For a

case of a PD controller, this is analogous to reducing the derivative term. The developed

controller is responsible for the adjustment of 4 input signals, with the other 2 being the

rate of change of both the setpoint angle and grasping force errors. It was also shown

that by reducing the width of the membership function of the derivative of the error

signals, there was a marked increase in the steady-state error, and the system response

became very slow.

Based on knowledge of a PD controller, this corresponds to an increase in the PD

controller derivative term [297]. This is a major drawback in achieving dexterity when

using robotic hands. To get rid of this slow system response, the membership functions
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of the derivative of error were gradually narrowed. Although the system still exhib-

ited a transient response, this became steady over time. Since the smoothness of the

response was observed to be a function of the degree of overlap, this reduction in the

width of membership function resulted in the system response to still exhibit oscillatory

behaviour.

In addition, the system response can sometimes be greater or less than the setpoint.

This causes the error signal that is passed to the FLC to be either greater than or

lower than 0. The FLC at some point showed results similar to the results for the PID

controller in Figure 7.19 with either positive or negative errors due to overshooting.

It was observed that these errors are a result of adjustment of the controller power

output membership function ranges and not necessarily the rules. One other major

factor affecting the performance of the developed FLC was the rule base.

Also, it was observed that by changing the output modes of the fuzzy-sets, the

behaviour of the controller changed drastically. Even in the event that the best rule

base had been selected, the fuzzy-sets also had to be adjusted to get the best controller

response during grasping. As described in the methodology section, the fuzzy logic rules

were defined based on expert knowledge of what the system must achieve and tested to

see if the desired response was achieved.

During the development of the FLC, defining the rules which enabled mapping of

the inputs to the output of the MISO fuzzy logic controller seemed to be the most

difficult task. This is because elucidation of which input cause which corresponding

output is largely an issue of experience than knowledge. This challenge in FLC, termed

the Feigenbaum bottleneck, was emphasized by Feigenbaum [298].

In this study, Feigenbaum did an extensive research on FLC design and found that

the degree of strength of an FLC is based on the experience of the expert rather than

the strength of the fuzzy inference system [298, 299]. Therefore, the rule base can be

thought of as the brains that map the inputs to the outputs, and thus proper rule

definitions play a critical role in the strength of the FL controller.

Initially, during the first trials of the simulation with a less adjusted FLC, the system

response was quite similar to a response in which a PD controller is implemented. This

type of controller has no integrator, which results in the large steady-state error that is

initially recorded. Usually, the inclusion of an integrator can eliminate these errors.

For these types of control problems, addition of an integrator means that a certain

control action is maintained in the system even when there is no error in the response.

This is important during the time at which the robotic hand is in contact with the

grasping object, to maintain the hand in the grasping position. In light of this, the rule

linked to the 0 error was further adjusted, such that a control action which outputs a

power signal was achieved. This power signal being responsible for keeping the hand

in the grasping positions shown in Figure 7.21, ensures that the error in the system

response stays at 0.

The robustness of the developed FLC for angle control, was ascertained by the small

margin in the variations of the power output used in this dissertation. Wide variations

in output power results in a system that is difficult to tune that is highly oscillatory.

Furthermore, proper iterative tuning ensured that the controller exhibits zero overshoot,

that is, the controller will tend to have characteristics of a critically damped system,

meaning that it is more stable than the PID controller which has an overshoot.

The developed FLC used overlapping membership functions to ensure that tuning
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becomes easy and that the system response becomes smooth once it reaches the desired

setpoint. This FLC shown exhibited the same behaviour to the FLC developed by

Alassar et al., reported in literature [292]. Further improvements in FLCs can be done by

introducing self-tuning or adaptive methods, such as discrete-time adaptive control, and

the FLC adaptive sampling method [300]. However, these are difficult to develop for FLC

of such robotic hands developed in this dissertation that are required to perform multiple

tasks of varying dexterity. The developed FLCs was used to simultaneously control

the fingertip angle and contact force in order to ascertain their effectiveness in real

applications. Figures 7.23 and 7.24 respectively, show the RPH angle and force responses.

Figure 7.23: Fuzzy logic controller response for angle control with force compensation.

As shown in Figure 7.23, the FLC shows an initial overshoot that does not die out

with time. The controller then exhibits an oscillatory response with an SSE ranging

between -3.28% and -5.16% of the setpoint joint angle, during the 20s grasping period.

In Figure 7.24, the FLC does not perform well for force control when used in conjunction

with the FLC for angle control.

Figure 7.24: Fuzzy logic controller response for force control with angle compensation.
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The Simulink block diagram in Figure 7.25 shows this, which results due to the

2 variables being mutually exclusive causing the controller outputs to counteract one

another. The observed FLC force response was achieved after carefully changing the

output gains of each controller such that a generally acceptable combined angle and

force response was observed.

Figure 7.25: Simulink block diagram for fuzzy logic control of RPH fingertip position.

7.4 Chapter Summary

An extensive research was conducted to reflect the effect of different parameters and

their variation on the control of the performance of RPHs. Several controllers found in

literature proved to have accuracies that are affected by variations in the input parame-

ters. In addition, most of the advanced control techniques are computationally expensive

and impractical as they make robotic hands very expensive. The PID controller proved

to be affected by parameter variations as it exhibited an initial overshoot.

Therefore, an FLC that uses less computer memory and that is easy to develop

without any need for mathematical analysis was implemented. This Mamdani-type

FLC was developed to control the power output sent to the SMA-based actuator in

response to angle and force setpoints. In the development of the FLC, varying the

range of discourse of the inputs signals affected both the system transient response and

steady-state error. The most critical factor in the development of the fuzzy controller

was in defining the rules that map the inputs to the outputs. The developed FLC for

angle control proved to be robust and was able to attenuate initial grasping error. This

FLC managed to accurately follow the prescribed setpoint and showed similar behaviour

to the FLCs reported in literature.

In addition, the FLC for force control managed to precisely follow the continuously

changing force setpoints with an error margin that is less than 6%. However, when

used simultaneously, the developed FLCs worked against each other resulting in poor

force estimation. Such as the FLCs found in literature, the developed FLCs are not

able to accurately perform parallel control of different variables. However, with proper

adjustments of controller output gains, a satisfactory response could be obtained using
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the current system. Also, with a proper rule base being set, adjustment of fuzzy output

modes would improve the response of the controllers.

199



Chapter 8

Conclusion

In this work, a fuzzy logic-based controller was designed, simulated, and tested for

application in a highly non-linear grip-compensated RPH actuated by means of an

SMA. Though welcomed efforts have been made in recent years with respect to the

advancement of robotic hands, these have in large been attributed to designs focusing

on actuation achieved through either DC motors or servos, each having several draw-

backs. In addition, prior studies often considered and presented singular aspects of the

RPH system, typically not drawing attention to the integration of the often-complex

sub-systems.

The development of an RPH, with qualities such as grasp recognition, grip compen-

sation, realistic actuation and a robust control system bares significance to the field of

medical prosthetics. To this end, this thesis systematically explored the development of

several sub-systems, including sEMG-based grasp recognition and grip compensation,

SMA and RPH model development and the fuzzy logic control of the overall system.

Overarchingly, the developed RPH showed good performance, accurately decoding the

sEMG signals in respect to the intended grasp as well as grip strength. Furthermore,

the NN SMA model showed good agreement with the experimental results and expected

displacement-power behaviour. The RPH model incorporated trajectory and force

planning with the fuzzy logic control system governing the power supplied in order to

achieve these goals. The control system was found to be robust and effective against

enabling the grasping of various objects in a simulation environment.

The results of the grasp recognition model showed that a BPANN with time and

frequency-based features including RMS, MAV, MAVS, SSC, WL and ZC, resulted in a

highly effective sEMG classifier. Though, it was found that features such as SSC and ZC

yielded the lowest correlation. The classifier was able to classify sEMG signals acquired

from the forearm of 5 willing participants as either 3-jaw chuck, cylindrical, hook, rest,

lateral, spherical or tip pinch. Overall, the developed NN model, consisted of two layers

with 40 and 42 neurons respectively. The optimum neurons were found through iteration,

yielding a model with a classification accuracy of 92.3%, and was improved to 100%

after post-processing filtering techniques were applied. The 92.3% accuracy was directly

impacted by the similarity of grasps, with the model confusion attributed largely to the

3-jaw chuck and tip pinch. The developed BPANN-based classifier outperformed several

classification models including the DT, SVM and KNN models and was slightly better

than the majority of models in previous works. This model has the potential to be used

in the development of robotic hands in the prosthetic, medical and manufacturing fields.
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The developed model may also be adapted to meet some of the requirements of virtual

reality systems.

Furthering the lineage of development, grip compensation played a pivotal roll in

granting the ability to directly control the amount of force applied while grasping an

object. This was achieved through a NN regression model that mapped sEMG signals

features such as RMS and MNF to output force. Data was collected from 5 participants

using a constructed force sensitive glove and tailor made GVis system. Through analysis

of the results, it was found that the MNF feature, though yielding a direct correlation

with force, was not as effective as using RMS. This is partly due to the fact that MNF is

closely coupled with physiological factors and as such differed significantly between the

participants. Linear curve fitting clearly indicated that the relationship between sEMG

and force is non-linear and grasp specific, with grasps requiring more force related to

higher non-linearity. The regression model yielded an acceptable R2 of 0.73, which could

be improved upon with refinement of the force sensitive glove and better-quality data

as well as data pre-processing and additional model training.

In order to develop and test the performance of the fuzzy logic controller, a physical

or model-based representation of the SMA actuator was required. In this thesis, an

experimentally based model was developed, adding value to a gap in the field of SMAs.

This model formed the basis for the actuator in the simulations of the RPH that followed.

The use of an SMA-based actuator as a substitute for conventional actuators such as

servos, DC motors or pneumatics was found to be valid in its approach. A test rig was

developed to record the SMA-based actuator displacement/stroke as a function of input

power and mass (axial stress proxy). Through collected input-output data a NARX NN

model was trained to behave similarly to an SMA. The model accurately imitated and

exhibited characteristics of shape memory effect, pseudo-elasticity, hysteresis, resistive

heating and natural convection. Furthermore, the model consisted of a closed-loop

structure with nine neurons in both the first and second layer. The number of neurons

and associated hyperparameters were found through an iterative search of the solution

space. The overall performance and RMSE of 0.04 for the model were a testament to the

models likeness to the SMA actuator. The model was explored with pulse and sinusoidal

inputs of varying frequency and was found to be robust and retain the characteristics of

an SMA. Furthermore, the NARX NN model was compared to both a mathematical

and FEA model and was found to be a better interpretation of an SMA, with a lower

degree of error.

The anthropomorphic RPH model consisted of several parts including the mechanical

model, setpoint estimation and trajectory planning, link and contact modelling. For the

mechanical model, an RPH was designed in a 3-D modelling environment and exported

to Simscape as parts. The PIP/IP and MCP joints were revolute joints with damping

and ROM set based on previous research. Setpoint joint angles were defined for each

grasp based on analysis conducted within the 3-D modelling environment, while the

trajectory planning followed a logarithmic spiral path. The trajectory planning of the

force setpoint was directly influenced by the switching of grasps and it is envisioned that

the trajectory may be planned more effectively in order to facilitate a gradual ramp-up

of the force to reach the required setpoint goal. The use of a single source of actuation at

the base of each finger coupled the movement of the MCP and PIP/IP joints and as such

the linkage needed to be accurately modelled. This was undertaken analytically and

numerically solved. The Kelvin-Voigt contact model was found to adequately capture the
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static and dynamic behaviour of the hand sensing elements, allowing for the momentary

impulse in force experienced upon contact. Overall, the RPH model provided a sufficient

anatomically equivalent for which the other sub-systems could integrate into.

Following the development of the RPH system, a fuzzy logic controller was introduced

with a weighted pair of Mamdani fuzzy logic controllers for each finger respectively.

The controllers input was the error between the angular trajectory setpoint and actual

angle, as well as the error between the force planning setpoint and measured force. The

corresponding output was power which served as the input to the SMA-based actua-

tor. The controllers were tuned iteratively through trial and error and were compared

against the performance of a PID controller. It was found that the fuzzy logic controller

outperformed the PID controller, however, still exhibited issues related to steady-state

offset, oscillations, and overshoot. These were compounded when both position and

force controllers were found to act in opposition to one another nearing contact between

the hand and grasp object. To overcome this a weighted approach was used resulting

in the positional controller having hierarchy over the force controller. The proposed

controllers exhibited displacement and force errors typically less than 0.05rad and 0.1N

in isolation, with the error increasing to 0.15rad and 0.25N respectively once combined.

The overall RPH system was found to be successful in achieving 3 jaw chuck pinch,

cylindrical grasp, hook grasp, lateral pinch, spherical grasp and tip pinch with minimal

error in both position and force. Components of this thesis may be extended to other

medical and robotic systems.
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Chapter 9

Recommendations for Future Works

1. Extend the number of grasps/pinches that the RPH is able to achieve, focusing in

on those used during daily activities.

2. Develop alternative hand-force measurement system with greater sensitivity and

force range. It is envisaged that improving the system will lead to better quality

force-sEMG data and ultimately lead to a better regression fit.

3. Optimize the data cleaning process used in the force-sEMG model development.

Remove statistical outliers and potentially apply a lowpass filter.

4. Redesign the RPH MCP-PIP linkage mechanism to improve the ROM by aug-

menting the link geometry to match the desired logarithmic spiral trajectories.

5. Use optimization techniques such as Particle Swarm Optimisation (PSO) and

Genetic Algorithm for the tuning of the FL control system. Also, consider

combining both force and position controllers into a single controller with hierarchy

inherent in the rule base.
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Appendices

A.1 Appendix A

A.1.1 Ethical clearance

The formality of acquiring ethical clearance is to ensure responsibility and accountability

for the conduced research. It also minimizes the risk of infringing on the rights, dignity

and safety of the participants. With the ultimate purpose of the research leading to

favourable outcomes, ethical clearance strengthens the legitimacy of the research results.

A.1.1.1 Purpose of ethical clearance

This dissertation involves the use of sEMG electrodes placed on the belly of 6 target

forearm muscles, 3 flexors and 3 extensors, recording muscle activity during various

grasps. Additionally a pressure sensitive glove is used to gather information on the grip

force produced by the hand. Owing to the fact that the participants are students over

the age of 18, approval from the registrar is required additional to ethical clearance.

Ethical clearance ensures a correct and ethical methodology and protocol, guaranteeing

anonymity and the presentation of results to the participants. In conjunction with the

Physiology Faculty and Movement Lab, research was conducted on five participants,

with the subsequent data collected being used for the purpose of training classifier

and regressor models. Another reason imperative for ethical clearance is located in

the potential to publish the results, which may only be realised with ethical clearance

evidence.

A.1.1.2 Scope and ethical clearance procedure

The following points outline the scope, procedure and research boundaries granted by

the ethical clearance. No risk is anticipated with this study and ethical clearance is

granted unconditionally.

• This study will take place in the Movement Lab, situated in the Khanya block on

Education Campus. This is due to the EMG equipment being situated there and

thus the testing cannot be relocated.

• The expected duration of each procedure (full duration), is roughly 1 hour excluding

questionnaire and evaluation. This will cover the attachment of the EMG electrodes

as well as the force sensitive glove and data collection.

• For proper collection of EMG data, it is required that the participant’s dominant
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forearm be cleanly shaved the day before testing. This guarantees no inter

participant bias as a result of body hair.

• When placing the EMG sensors on the participant’s dominant forearm, it is

important to locate the target muscles as each person’s physiology is different. To

do this a combination of palpating (feeling) and measuring will take place on the

participant’s forearm.

• Once the locations of the muscles are known, the EMG electrodes will be attached

and secured using elasto-plast tape, making sure the electrode firmly contacts the

participant’s skin.

• The force sensitive glove is given to the participant to put on and thereafter the

placement of the force sensitive resistors is verified to ensure activation during

gripping. The setup of the EMG electrodes and force glove is estimated to take 15

minutes.

• After setup, a 10 second calibration of the force glove will take place at which

time the participant’s hand will remain in a rest position.

• Once calibration is completed, one of 6 grasps will be demonstrated to the partic-

ipant by the principle investigator on the 3D printed grasp apparatus provided.

Once instructed to start the movement, the participant needs to wait 2 seconds

before grasping, 6 seconds while grasping and 2 seconds after grasping .

• The demonstration of the grasp, by the principle investigator together with the

data collection amounting to 10 seconds will be repeated for a total of 6 grasps

and rest. The process of collecting the grasp data will then be repeated for the

following 45 minutes.

• The target muscles investigated are: flexor digitorum superficialis, flexor carpi

ulnaris, flexor pollicis longus, extensor digitorum, extensor carpi radialis longus

and extensor pollicis longus.

• The target grasps investigated are: 3 Jaw chuck pinch, cylindrical grasp, hook

grasp, lateral pinch, spherical grasp, tip pinch and rest.

• Participating in this study is completely voluntary and will not affect the partic-

ipant in any way if they refuse to partake. No remuneration will be given and

participation will bear no financial cost to the participant.

• At any point during the study if the participant wishes to withdraw, they are

entitled to do so with no consequences.

• The principle investigator and supervisor may ask the participant to stop at any

time during the procedure if they feel the participant is at risk or fails to follow

the procedure outlined.

• The participant’s data will only be made available to the principle investigator

and supervisor,and may be used anonymously in publications.

• The study is open to students, male and female, over the age of 18, with no serious

hand impairments. There is no preference of the participant’s dominant hand.
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A.1.1.3 Approved ethical clearance

Shown in Figure A.1.1 is the approved ethical clearance certificate (M190766).

Following the acquisition of the ethical clearance certificate, data was collected for a

period of one week from five participants.

Figure A.1.1: Ethics Approval
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Using students as participants meant that registrar approval was required, as shown in

Figure A.1.2. Prior to data collection, the simulation framework was setup, research

conducted, relevant apparatus constructed, initial training and development of the EMG

and EMG-force control system accomplished using dummy variables and tasks not

directly requiring ethical clearance. This simplified data processing.

Figure A.1.2: Registrar Approval
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B.2 Appendix B

B.2.1 Single-channel electromyographic sensor de-

velopment

Undoubtedly an integral part of a RPH is the sEMG sensor. This component

fundamentally sets the tone for the sensitivity of a RPH by either providing good

or bad quality data upon which, specific to this dissertation, classification and grip

compensation is built. Also, it is established in literature as the component with the

largest contributing cost to the development of a RPH [301]. This, in turn, renders

current RPH solutions costly and infeasible, particularly in developing countries. It

must be stated, however, that the low-cost sEMG sensor presented in this section was

not developed as a solution to the aforementioned factors, but rather as an alternative

in-case an sEMG device could not be procured. Having said this, the prototype sEMG

sensor offers a lot of potential for further consideration in low-cost RPH solutions.

As a point of clarification, ethical clearance was not necessary for the development

of the sEMG sensor prototype presented here since no tests were conducted on test

subjects, but rather analysed by using a oscilloscope. The basic working principles and

structure of a sEMG sensor touched on in Section 3.1.1 will now be further elaborated.

Starting with the input, circular Covident Ag/AgCl electrodes with press studs were

used and subsequently reduced in diameter to ensure an inter spacing of 20mm. This

inter spacing, previously discussed in relation to the Delsys Trigno sEMG sensors, has

to do with both electrodes seeing similar muscle fibre densities. Furthermore, a bipolar

electrode configuration was used as it removes noise signals common to both electrodes

thereby improving the SNR of the sEMG circuit. Conversely, another sEMG electrode

configuration rarely adopted is a monopolar configuration. As seen in Figure ??, the

sEMG sensor, the third electrode labelled COM accounts for the bipolar functionality.

This electrode is typically placed outside the vicinity of the other two electrodes, away

from motor points and on a bony landmark. Promising results were also shown for

the case when the electrode was grounded with the sEMG circuit. In Figure ??, the

electrodes labelled L and R follow no particular order since the measurements conducted

between them are differential, however, the same directional sentiment shared for the

Delsys Trigno sensors remains consistent. The cables were braided to further minimize

electro-magnetic noise created when in close proximity with one another. Having

established the input, the next step focuses on the pre-amplification of the sEMG signal

using an instrument amplifier. These types of amplifiers are laser trimmed to maintain

precision and incorporate dual rails with good swing characteristics. A drawback of

a instrument amplifier is that it requires a negative rail. The gain of the operational

amplifier was set using a variable resistor such that a gain of 50 times the original signal

was observed. Taking advice from publications such as [301], this gain was found to

work adequately, and did not promote much growth of noise. To rid the signal from

low-frequency artefacts it was filtered using a first order lowpass filter. The use of a

variable resistor in this filter meant that the cutoff frequency could be tuned to the

system. In this case, a lowpass cutoff frequency of 10Hz was acceptable.

A non-inverting operational amplifier did much of the amplification of the signal

hereafter. A gain amounting to 100 was set using variable resistors and was found to

produce an output voltage within the bounds of the operational amplifiers rails, ensuring
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no distortion took place. The total gain of the sEMG circuit was 5000 and it should

be said that an inverting operational amplifier may be used to replace the nn-inverting

operational amplifier. The amplification of high-frequency noise is a by-product of signal

gain and was therefore filtered using a first order highpass filter with variable cutoff

frequency. The highpass cutoff frequency was set to 400Hz in the same manner the

lowpass cutoff frequency was tuned. Using filters presents a slight drop in the magnitude

of the signal, thus as a corrective measure a unity gain operational amplifier follows.

Furthermore, the last step involved considers the input requirements of the ADC,

which in the case of an Arduino Uno is a 10-bit ADC with voltage bounds of 0V to

5V. To accomplish this, it is first assumed that the sEMG signals acquired fall within

the -2.5V to 2.5V range, and a tension adder is used. The tension adder, which is a

operational amplifier configuration, is set to add 2.5V, which scales the output of the

sEMG circuit to the 0V to 5V range accepted by the Arduino Uno.

Further research was conducted using a ADS1115 ADC with a higher resolution, but

it was concluded that the Delta-Sigma framework capped the sampling speed at 860SPS.

This sampling speed in reality is not achievable, resulting in the ADC not being suitable

to capture sEMG signals.

From Figure B.2.1, it should be noted that more than one quad operational amplifier

integrated circuit was incorporated in the sEMG circuit due to the change in supply

voltages. Also, shown in Figure B.2.1, it the top view of the through-hole sEMG

sensor. This was the first attempt at developing the sEMG sensor and followed the

recommendations given by [301]. It was found to perform satisfactorily as it was able

to amplify the signals appropriately. The methods of production for the developed

sEMG sensor, included trace layout of the circuit board and soldering prototype board

respectively.

Figure B.2.1: Prototype single-channel sEMG sensor

In continuing with the presentation of the sEMG sensor shown in Figure ??, the relevant

components comprising the circuit and the hurdles experienced are now discussed. The

sEMG sensor circuit shown in Figure B.2.2 may be broken down into sub-systems namely,

power-supply, amplification, filtering and level-shifting. Taking a look at amplification

first, the sEMG signals captured through male header-pins are relayed to the AD620ANZ

instrument amplifier. Furthermore, a 10KΩ multi-turn variable resistor, set to 1KΩ, i.e.,
R4, was used to tune the gain of the amplifier to 49.91. An Arduino Uno supplied the

necessary voltage required for the positive rail of the amplifier and was also used as a

stepping stone in the creation of the negative voltage. Using a ICL7660 integrated circuit
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with decoupling capacitors, 5V was inverted to -5V. This output was subsequently used

to supply the negative rail of the amplifier.

The lowpass filter consisted of a single-turn variable resistor in series with a polyester

non-polar capacitor. From the equation governing cutoff frequency, it was calculated

that a resistance of 72.34KΩ, i.e., R1, was required to yield a cutoff frequency of 10Hz.
Also, it was calculated that the filter would introduce a phase shift of -45deg.

The second phase of amplification was done using a TLC274 quad operational

amplifier. The resistances of single-turn variable resistors R2 and R3 were 50KΩ and
500Ω, with a ratio of 100, is equivalent to the gain of the amplifier. It should be noted
that the quad amplifier, shown in Figure B.2.2, is depicted as being segmented, however,

is one integrated circuit. Like the lowpass filter, the highpass filters was assigned a

resistor value of 3.98KΩ, resulting in a cutoff frequency of 400Hz. The unity gain stage
is trivial and not further explained.

On the other hand, the level shifting stage uses a potential divider and tension adder

to centralize sEMG signals around a 2.5V axis. The fixed resistor values were carefully

selected to obey configuration ratios and were of the 1% variety. There is a further

crucial point to be considered. As seen in Figure B.2.2, the negative rail is supplied

with ground, since the expected output must lie within the range 0V to 5V. This meant

that a separate TLC274 amplifier had to be used. Depicted in Figure B.2.2 the header

pin labelled A represents the connection to a Arduino Uno analog input pin.

A hurdle in creating the sEMG circuit was sourcing a quad operational amplifier with

a bandwidth range large enough to register the frequency of the sEMG signals. It was

found that the LM324 quad operational amplifier stated in [301] was inadequate in this

department. Moreover, the data-sheet of the amplifier suggested a maximum bandwidth

of 1000Hz, which is not achieved in reality due to very poor swing characteristics. After

discarding this amplifier, a socket was soldered in its place and various quad operational

amplifiers were tested, including TL074CN, TLC274 and TL084CN. It was concluded

through viewing the output, that the TLC274 gave superior results with a much fast

response time.

Figure B.2.2: Prototype single-channel sEMG sensor circuit

Performing a analogRead command with a baud rate of 115200 in the Arduino integrated

development environment, resulted in the snapshot shown in Figure B.2.3. The results

presented are for a random electrical disturbance, in the frequency range 0HZ to 500Hz,

applied to the electrodes of the sEMG sensor using a signal generator. The 10-bit
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resolution of the Arduino Uno results in 1024 divisions in the input range, meaning that

the minimum voltage is roughly 5mV.

Transitioning to the source sEMG signal is accomplished by dividing this minimum

by the overall sEMG circuit gain, which results in a minimum sEMG signal increment

of 1uV. Considering the raw sEMG signal shown in Figure ??, the 1uV increment is

sufficient for adequate resolution.

Figure B.2.3: Prototype sEMG sensor output

Table 11.1 details the bill of components and connection present in the sEMG circuit

shown in Figure B.2.2. By replicating the circuit in software such as EasyEDA it is

possible to generate mask or gerber files for the manufacturing of a smaller printed

circuit board.

Table 11.1: Bill of components for prototype sEMG sensor

Label Description Value

R1 Variable single-turn 100KΩ resistor 72.34KΩ
R2 Variable single-turn 100KΩ resistor 72.34KΩ
R3 Variable single-turn 10KΩ resistor 72.34KΩ
R4 Variable multi-turn 10KΩ resistor 72.34KΩ
R5 Variable multi-turn 10KΩ resistor 72.34KΩ
R6 1% Resistor 1KΩ
R7 1% Resistor 500Ω
R8 1% Resistor 1KΩ
R9 1% Resistor 500Ω
R10 1% Resistor 1KΩ
R11 1% Resistor 500Ω
C1 Electrolytic capacitor 10uF

C2 Electrolytic capacitor 10uF

C3 Polyester capacitor .22uF

C4 Polyester capacitor .10uF

U1 ICL7660 CMOS switched-capacitor voltage converter -

U2 AD620ANZ high accuracy instrumentation amplifier -

U3 TLC274 quad single supply operational amplifier -

U4 TLC274 quad single supply operational amplifier -

+ Electrode 1 -

- Elctrode 2 -

C Common electrode -

A Arduino Uno analog pin -
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C.3 Appendix C

C.3.1 SMA Test Rig Setup

Figure C.3.1 shows the test rig developed for the data acquisition of input power

and output displacement of the SMA actuator.

Figure C.3.1: SMA actuator test rig with power source, Nitinol actuator and optical encoder
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