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Abstract
Robotic prosthetics has been a field of great interest in recent years and much work has been
conducted in the various disciplines that it consists of. Among these disciplines is the research on
sensor technology which used to enable control of such prosthesis through muscle activation.
Responsiveness and accuracy is vital to implement a functional sensor system for prosthesis, as
such this thesis will present the research and development of a sensor system used to control a
robotic prosthesis as well as a feedback system which compares the position of the robot fingers
and the intended movement in order to correct the servo motor position. These sensor systems
are developed to produce precise robot control of prostheses without causing amplification errors.
The research will discuss the suitability of different sensors for the sensing of the muscle activity of
the user and sensors for the development of the feedback system and describe their
implementation and processing. In addition to this, different configuration of sensors and code
will be employed and compared, so that the most suitable configuration is found, which is the
configuration that is responsive to the muscle activation of the user, eliminates noise and prevents
amplification errors, and enables movement of analogue manner rather than digital in order to
create a natural feeling control of a prosthesis which imitates the intention of the user.
Furthermore, the cost of commercially available robotic prostheses are expensive, making it
inaccessible to lower-income users and people within conflict zones who are in need of such
technology, thus the research will focus on using inexpensive components and material to lower
the production costs in order to raise the accessibility of robotic prostheses to people in conflict
zones and countries of low income. This research shows that the implementation of the proposed
sensor system and feedback system indeed enables analogue mannered, responsive and accurate
control of a robotic hand while preventing amplification errors, and the use of commonly available
components and low-cost material is a viable option.
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1. Introduction
Prosthetics is a vast field consisting of various disciplines and practices such as electronics,
biology, computer science, and artificial intelligence. Fusing these fields into one is not an
easy task, yet several developments have emerged which aim to employ methods and
theories within these various disciplines. One such method is the concept of myoelectric
control which involves the reading of human muscle activation levels and manipulation
these to create robotic actuation. One system that enables the reading and processing of
human muscle activation is the Thalmic Lab’s MYO armband. This is an armband with 8
embedded sensors which reads the ElectroMyoGraphy (EMG) signals from the user’s
forearm and classifies the signals to recognize the hand gesture of the user. EMG is defined
as biological signals which generate electrical activity of muscle fibres when the muscles
contract or relax and appear as impulses formed in the central nervous system from where
they travel to the destination where they cause the desired action (Raurale 2014, p.1).
These signals are mainly influenced by biological factors such as physiological variability,
age, sex, skeletal morphology, psychological factors, skin thickness, body temperature and
weight, and technical factors such as electrode placement, position, and inter-electrode
distance. (Raurale 2014, p.5).
The MYO armband is able to recognize five separate gestures: spreading of fingers, fist,
flexing the wrist inwards, flexing the wrist outwards, and double tapping of the fingers. The
research intends to test whether the MYO armband is a suitable candidate to be
implemented as a sensor system to actuate a prosthesis with 2 DOF (degrees of freedom)
enabling the opening and closing of the robot hand, in such a manner that the actuation is a
direct reaction to the movement of the user, meaning that a movement of analogue manner
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is produced. If the MYO armband fails to be suitable, other myoelectric sensors such as the
DFRobot sensor or the MyoWare sensor will be investigated.
One major challenge in the field of prosthetics is the sensor systems, as these need to be
extremely accurate and avoid amplification errors which cause problems for the users in
their daily tasks leading to frustration and distrust in the technology. To this end, the
research proposes developing a feedback system that will provide readings on the position
of the prosthetic fingers which will be compared to the intended movement derived from
the EMG signals, using this data it will then proceed to correct the position of the servo
motor which in turn corrects the position of the robot fingers.
Reading EMG signals is an effective method as it is possible to read these from the surface
area of human skin and enables the possible implementation of a natural feeling prosthesis
unlike other methods such as button triggered prostheses or mechanical prostheses.
Although the signal is easily acquired, it does contain high amounts of noise, due to this the
signal must be processed to attenuate the noise in order for it to become usable in the
classification algorithm and robot control. In addition to this, EMG signals are complex signal
which are collected from multiple muscles, in this case from the forearm. The variety of
muscles within the forearm actuate different movement of the hand such as the Extensor
digitorum communis which enables the extensions of the fingers or the Flexor digitorum
profundus which causes the flexion of the fingers (Raurale 2014, p.2). The research will
elaborate on the anatomy of the hand and explain why it focuses on particular muscles.
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1.1. Aims
The aim of the research is to implement a myoelectric sensor system which is utilized to
actuate a 2DOF prosthesis. Furthermore, a feedback system is to be implemented which
corrects the position of the motors that move the robotic fingers of the prosthesis.

1.2. Objectives
•

Utilize EMG sensors to develop a sensor system which detects and measures muscle
activation levels which are used to create robotic actuation of prosthetic fingers.

•

Use piezo-electric sensors to develop a feedback system which will measure the
bending position of the robot fingers. These values will be compared to the intended
movement of the users which is derived from the EMG signals in order to correct the
position of the motors which move the robot fingers of the prosthesis.

•

The artefact should be implemented in a manner which provides a direct feedback or
reaction from the robot fingers and imitate the intended movement of the user in
order to create a natural feeling for them, meaning the prosthesis should move in an
analogue manner rather than a digital manner.

•

The code for the sensor systems should be implemented in a manner which
produces the least delay when processing the signal and when causing the actuation
of the robot fingers.

1.3. Research Questions
•

Which inexpensive sensors enable the reading of ElectroMyoGraphy signals?

•

Which inexpensive sensors enable analogue mannered movement to be
implemented in a robotic prosthesis?

•

Can a feedback system create a closed-loop sensor system that prevents
amplification errors?
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•

Does the prevention of amplification errors enable an accurate and responsive
control of a robotic prosthesis?

•

Can a functional sensor system and prosthesis be developed with cost-effective
methods and components?
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2. Literature Review
The literature review will present the background research on this project focusing on the
EMG signal acquisition and processing, Gesture classification and MyoElectric Control, and
Feedback system. Each source will be analysed to evaluate whether the information gained
from it, is useful and what will be used to implement into the final artefact. A conclusion will
determine which methods and techniques from the research sources will be employed in
this project.

2.1. EMG Signal Acquisition and Processing
The first step in the sensor-system procedure is the acquisition of the EMG signal which
must be acquired from the forearm of the user. To do this, a type of electrode which will
read the EMG signal from the muscle activation must be used. Various types of electrodes
can be used, and these can be configured in multiple ways. Furthermore, the signal itself
must be processed in order to become suitable to be utilized in the robot control. The
quality of the EMG signal is a vital factor to develop the grasping ability and force of the
robotic prostheses, and this relationship between EMG signal and grasping force can be
presented by the following equation:

Equation 1

Where Fnow is the current equivalent force, Fmin is the minimum equivalent force, and
Fmax is the maximum equivalent force. And where Enow is the current EMG signal, Emin is
the minimum EMG signal, and Emax is the maximum EMG signal (Xu et al. 2016).
Mangia et al. describes the procedure of EMG sensing and classification through 5 phases:
1) signal acquisition and pre-amplification, 2) filtering and amplification, 3) analogue/digital
conversion, 4) feature extraction, 5) classification (Mangia et al. 2014).
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This project intends to implement non-invasive methods of sensing the EMG signals as the
prosthesis is conceptualized as a ‘slip-on’. Using the EMG surface electrodes is a noninvasive method which is easier to handle and maintain compared to invasive methods of
EMG signal acquisition (Raurale 2014, p.2). Surface EMG is a cheap and easy method of
detecting the user’s intention upon the control of the prosthesis (Raurale 2014, p.2).
The electrodes used to acquire the EMG signals can be placed on the lower forearm where
the muscles for hand movements are located (Raurale 2014, p.1). It is preferred to clean the
designated area on the forearm on which the electrodes will be placed as sweat and dirt can
influence the quality of the EMG signal, which can be done using alcohol or various
preparation gels such as the one used by Al-Timemy et al. called NuPrep (Al-Timemy et al.,
2013). Due to the difference of factors such as forearm and muscle size, the placement of
the electrodes will change from subject to subject and a shift in this placement can cause
the acquisition of different EMG signal data which would affect the classification rate (Al
Omari et al., 2014). Raurale explains that when collecting data from different locations on
the skin surface, it is possible to sense more muscle activity needed for classification which
leads to an increase of the number of functions that a system can efficiently use (Raurale
2014, p.5). Furthermore, it could improve accuracy through the provision of more
discriminate patterns for input signals of each hand movement from a threshold database
consisting of various examined subjects (Raurale 2014, p.5).
Raurale employs a bipolar electrode configuration which causes problems with the signal as
it produces crosstalk and leads to the common information registered by the two electrodes
to be mostly eliminated when a differential amplifier is embedded into the system (Raurale
2014, p.2). The signal contains noise and an offset signal, and does not observe the
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sequences appropriately due to the electrode being a low-pass filter itself, leading to a
distortion in the spectral components of the signal (Raurale 2014, p.2). A solution to this
problem would be making use of computational methods which extract the discriminative
information for each movement, which according to Amsuess et al. must involve the endusers to test its effectiveness (Amsuess et al. 2015). To better understand what an EMG
signal is and what factors influence it, Raurale. provides an equation to represent an EMG
signal:

Equation 2

Here the modelled EMG signal x(n) is calculated by the firing impulses e(n), the Motor Unit
Action potential (MUAP) h(r), the zero mean of the additive white Gaussian noise w(n)
which is the basic noise model used to represent random processes which occur in nature,
and the number of motor unit firings N (Raurale 2014, p.2).
The noise present in EMG signal data is caused by multiple factors that interfere with the
quality of the signal. Such as noise that stems from electronic devices within the vicinity of
the signal acquisition components or ambient noise that is present in the environment such
as electromagnetic frequencies. Other factors include the position of the electrodes used to
acquire the signal and the ensuring of them not easily detaching nor moving, the natural
instability of EMG signals and the users own physical features such (Reaz et al., 2006).
To rid the signal of the noise and crosstalk multiple processing procedures can be used such
as using filters and amplifiers. One example of this is described by Al-Timemy et al., where a
custom-built multichannel amplifier with a gain factor of 1000 per channel was used to read
the EMG signals and within which two analog filters were employed to reduce the noise.
13 | P a g e

One of these filters was a fourth-order Butterworth low-pass filter that has a cut-off
frequency of 450Hz and the other was a second-order Butterworth high-ass filter with a cutoff frequency of 10Hz (Al-Timemy et al., 2013). For the data acquisition a USB-6210 by
National Instruments was used and the EMG channels were sampled at a rate of 2000Hz
with a 16-bit resolution (Al-Timemy et al., 2013). In addition to this, band-pass filtering with
a frequency of 2—450Hz was implemented digitally and a fifth-order Butterworth notch
filter which was centred at 50 Hz was also integrated to reduce the noise (Al-Timemy et al.,
2013). And to display and store the EMG signals a virtual instrument was implemented using
the LABVIEW software (Al-Timemy et al., 2013).
Raurale. used the following procedure: once the EMG signal is read by the two electrodes
placed on the forearm, the common signal is attenuated by the differential amplifier of the
common mode rejection ratio (CMRR) at 120db (Raurale 2014, p.3). This is followed by the
use of the Preamplifier which is another differential amplifier called INA128 whose input
impedance is set to 50k Ohms in order to achieve the voltage levels needed to attenuate the
electrical interferences (Raurale 2014, p.3).
After having attenuated the signal and the electrical interferences, the signal is passed
through a Sallen key (band pass filter) and an operational amplifiers called OPA4131 in order
to obtain a signal frequency between 15-500Hz and eliminate the noise outside this range to
prevent an effect on the myoelectric signals (Raurale 2014, p.3). After this, an amplifier is
used to raise the voltage levels to the TTL (transistor-transistor logic) standard to allow
further processing (Raurale 2014, p.3). Finally, the signal is converted from an analogue to
digital signal. This signal is then sent to the controller for feature classification (Raurale
2014, p.3).
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Amsuees et al. employed the following method to process the signal. To attenuate the
signals and remove the excessive noise, the acquired signals are pre-amplified and bandpass filtered and then sampled to 1 kHz by the AXONMaster which is a control unit used in
prosthetic systems (Amsuess et al. 2015). The signals are then transferred via Bluetooth to a
computer which implemented the control logic, the same connection sends the movement
speeds commands to the prosthesis (Amsuess et al. 2015). Mangia et al. also propose a
wireless solution which is based on the computation of the Willison amplitude and its
wireless transmission via impulse–radio ultra-wide-band also known as IR-UWB (Mangia et
al. 2014). This reduces the power consumption and system complexity while still enabling a
wireless approach (Mangia et al. 2014).
Mangia et al. propose a method of sensing involving compressed sensing (CS) which is
supported using a rakeness-based design. The size of the EMG signal data is reduced
through the mean of the compressed sensing (CS) which allows for full processing on the
data while reducing the needed data-rate (Mangia et al. 2014). CS has a low computational
complexity on the transmitter side which enables the use of smaller and cheaper wireless
EMG electrodes (Mangia et al. 2014). The CS approach is extended by the addition of
rakeness which enables further data-rate reduction (Mangia et al. 2014). This method
exploits the statistical features of the EMG signal in order to increase the energy collected
by the CS measurements leading to a maximized performance (Mangia et al. 2014).
The CS approach is presented as follows: x is defined as an N-dimensional vector containing
the Nyquist-rate samples of the input signal while also including a matrix whose columns are
sparsity basis vectors, and α, the vector with the N projections of x over the matrix’s
columns, while the considered class is k-sparse (Mangia et al. 2014). Considering this, the
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information content of x is proportional to k which allows for data compression to be
achieved (Mangia et al. 2014). This acquisition approach captures the information needed
in order to recover the positions and the magnitudes of the non-null elements of α (Mangia
et al. 2014). It projects x over suitable sensing vectors giving us an equation:
y = Φx+ν = ΨΦα+ν

Equation 3

Where y is the measurement vector containing the projection values, and Φ is an MxN
matrix whose rows are the sensing vectors (Mangia et al. 2014). M<N, thus compression
can be achieved and quantified through the use of the compression ratio (CR), where CR =
N/M (Mangia et al. 2014).
After this, in the decoder stage the input signal is recovered from y and from the prior
knowledge of Ψ and Φ the optimisation problem is solved whilst relying on the sparsity
assumption:

Equation 4

This searches for the sparsest vector over all possible vectors α mapped into y (Mangia et al.
2014).
The input signal can be effectively reconstructed due to the Restricted Isometry Property
(RIP) of the matrix ΦΨ which ensures that the input signal norm l2 is preserved by the
encoder with M<N (Mangia et al. 2014). RIP holds sensing matrices Φ which are instances of
a collection of independent and identically distributed random variables (Mangia et al.
2014). In this situation the reconstruction of the signal is guaranteed by adopting M ≥Mmin
= 4k log(N/k) in which antipodal random sensing vectors are used (Mangia et al. 2014).
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In order to further increase the CR an approach is employed, where the input signal
information is non-uniformly distributed in the whole signal domain (Mangia et al. 2014).
For this, a new sensing approach based on rakeness is introduced. Rakeness represents the
average of the energy collected by the encoder with a proper matrix Φ (Mangia et al. 2014).
This approach relaxes RIP by adopting the matrix Φ whose rows are not independent and
identically distributed random sequences and instead are correlated random sequences
(Mangia et al. 2014). These sequence are high enough to increase the energy collected by
the encoder, yet low enough to preserve the ability of the sensing stage to span over the
whole signal domain (Mangia et al. 2014). Rakeness is mathematically defined as:

Equation 5

Where ⟨·, ·⟩ is the standard inner product (Mangia et al. 2014). If ρ is maximised then the
average energy collected by Φ is maximized, and preserving the ability of Φ to span the
whole signal domains means that an upper bound on the sensing vectors correlation is
observed (Mangia et al. 2014). In order to acquire both effects, the constrained
maximization problem below must be solved:

Equation 6

The first constraint sets the requirement of e being the energy of each sampling vector, and
the second constraint is set to guarantee that the randomness of

is enough to

preserve the RIP and with that, the ability of correctly acquiring uncommon instances
(Mangia et al. 2014). The output of the problem is the second-order statistical
characterization of
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(Mangia et al. 2014). Mangia et al. exploits the antipodal random

sequence which is a previously acquired second order characterization by adopting a proper
antipodal random number generator as the linear probability feedback process (Mangia et
al. 2014).
Both the standard CS and the rakeness-based CS are tested on their hand movement
recognition task ability using EMG signal data from Physionet, in order to demonstrate the
effectiveness of the compression strategy proposed in this research (Mangia et al. 2014).
The following steps are taken in order to obtain results: averaging the signal reconstruction
quality over all time windows which compose the EMG records, collect measurements such
as in equation (1) and then reconstructing

by solving equation (2) while adopting the

SPGL1 toolbox which is a solver used for large-scale problems in complex domains (Mangia
et al. 2014). In addition to this, Mangia et al. consider the reconstruction signal to noise
ratio also known as SNR and define it as:

Equation 7

Mangia et al. present a graph which shows the resulting SNR of the compression ratio of
both CS methods:
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Figure 1: Average SNR against CR for both CS methods

For CR over 30, the rakeness-based method results in a SNR increase of up to 7db compared
to the standard CS. The graph also shows that higher CR values decrease the rakeness-based
CS performance down to the intrinsic limit of CS (Mangia et al. 2014).
Mangia et al. presents a second graph showing the reconstructed signals using the two CS
methods, which is used to analyse the quality of the compression algorithm in both
standard CS and rakeness-based CS (Mangia et al. 2014).

Figure 2: Original signal and reconstructed signal using both CS methods

The rakeness-based CS outperforms the standard CS proving its ability to correctly
reconstruct the input signal, making it a suitable method in order to investigate the hand
movement recognition (Mangia et al. 2014).
To evaluate the quality of the recognition process, the average recognition rate was
computed using the equation presented below:
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Equation 8

The mean of an artificial neural network with 20 neurons on the hidden layer was
determined to obtain classification of the EMG signal (Mangia et al. 2014). This network
was trained with the Levenberg-Marquardt Backpropagation on the root mean squares
(RMS) of the 16 EMG channels (Mangia et al. 2014). Using this method the ARR was
calculated with the above presented equation and the resultant value was ARR= 94.15
(Mangia et al. 2014).
Having acquired the RMS values for both CS methods, Mangia et al. present another graph
showing the average SNR of both methods over the subjects EMG signals and RMS profiles
(Mangia et al. 2014). The results show that the rakeness-based CS can guarantee high SNR
values with up to 20 CR value (Mangia et al. 2014).

Figure 3: Average SNR against CR for both CS methods over EMG signals and RMS profile
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Another graph is presented which shows the ARR obtained with the CR between 1 and 60
(Mangia et al. 2014). The results show that the CS approach provides good quality in
regards to the hand movement recognition task, in addition to this it demonstrates that the
accepted CR levels are very high (Mangia et al. 2014).

Figure 4: ARR against CR for both CS methods

When CS is combined with the rakeness factor, it improves its hand movement recognition
performance by about 7% with CR between 5 and 60 while it also maintains the
performance at its highest level with CR up to 5 (Mangia et al. 2014)

2.2. Gesture Classification and MyoElectric Control
To correctly classify the EMG signal the classifier must be able to differentiate the features
of the evaluated EMG signal from the natural constraint movement (Raurale 2014, p.3).
According to an empirical analysis mentioned by Raurale. the maximum tolerable delay
between the commanded movement and the movement of the prosthesis is about 300ms,
this includes the time needed for the signal acquisition and the classification (Raurale 2014,
p.3). Further to the feature extraction Al-Timemy et al. explains that time-domain-auto
regression or TD-AR features can produce higher performance compared to other methods
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of feature extraction (Al-Timemy et al., 2013; L. Hargrove et al., 2007). This method
calculates the coefficients of a sixth-order auto-regression model, the root mean square
value, the waveform length, the number of zero crossing, the integral absolute value, and
the slope sign changes (Al-Timemy et al., 2013). Furthermore, the TD-AR proves to have a
more efficient computation that enables it to be implemented in real-time (Al-Timemy et
al., 2013; E. Scheme et al., 2011). It is also stated that the auto regression coefficients have
shown to be robust towards the displacement of electrode positions (Al-Timemy et al.,
2013; L. Hargrove et al., 2008)
Raurale describes the procedures of the signal acquisition and pattern classification as
follows:
• Two surface electrodes where applied on the forearm and a third on the wrist as
reference to the EMG capturing circuit;
• Each of the 5 movements are sequentially repeated 10 times and the EMG signal are
recorded for first 200ms each;
• Each set of 10 movements constitutes a sequence, which is stored in a feature threshold
database;
• So 50 data sets of EMG signals are obtained from which a total of 500 data sets for overall
database is created;
• Data in each pattern are averaged and the 10 movements are separated and individually
evaluated and stored accordingly;
• As the pattern information is contained in the first 200ms of a movement, the filter is set
accordingly so as to sustain the pattern for 200ms time duration only;
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• The threshold for every peak value is set for classification of different pattern with the
varying range. (Raurale 2014, p.5)
It is further explain that the data has been acquired twice from each sample, one for lower
and one for higher locations on the forearms in order to extract the best features for
different movements (Raurale 2014, p.5). The frequency of the acquired signal is around 20500Hz, the result of this is that the appropriate statistical features can be used in various
classifying muscle activities, these can be easily evaluated and can be beneficial for
prosthetic robotic control (Raurale 2014, p.5).
Moving onto gesture classification, Raurale. employ a classifier which is based on linear
discriminant analysis, also known as LDA (Raurale 2014, p.3). This same classifier is used in
other works by Raurale et al. where it is explained that it is a supervised feature projection
technique where time-domain features and class labels are taken as inputs, in addition to
this it maximizes the between-class distance while it minimizes the within-class distance,
this in turn maximizes the discrimination (Raurale et al., 2018). In addition to LDA, a
threshold detection approach is employed, which causes the processing time for the pattern
recognition to be conveniently low (Raurale 2014, p.3). Yet due to this the feature
extraction needs to be higher than 100ms in order to stay within the defined maximum time
for feature pattern which is 300ms (Raurale 2014, p.3). In order to do this, a set of statistical
parameters are classified separately with the threshold parameters for distinct classification
(Raurale 2014, p.3). This statistical approach does not require any parameter adjustments
except time sequence evaluation (Raurale 2014, p.4). Furthermore, LDA is able to perform
efficient real-time computational operations and its classification performance is simple

23 | P a g e

compared to other classification techniques, due to this it is possible to classify a specific
feature for a time-frequency tiling pattern when using LDA (Raurale 2014, p.4).
Raurale. explain that for every action, the MUAP carries out the respective movement,
where the threshold peak is being generated (Raurale 2014, p.4). Due to muscle strength
differing between people, the statistical feature of the signal must be analysed, this is done
by providing the range of consecutive thresholds voltage levels of the evaluated signal
(Raurale 2014, p.4). This range is set by analysing the different operators signal samples of
the prescribed movements thus, the feature is defined accordingly for the different
movements (Raurale 2014, p.4).
Having implemented and tested the system Raurale. present the following table which lists
the feature information and classification rate on different processed EMG signals:
Table 1: Feature information and classification rate for various processed EMG signals

Raurale evaluates that the raw EMG signal is classified at a higher rate than the processed
EMG signals yet it is vice-versa for the feature information and thus, the filtered EMG signal
is used for further analysis as it possesses feature information at 86.60% and a classification
rate of 84.90% (Raurale 2014, p.4).
Another table shows the classification rate for different muscle activity ranging from a
rested state to fast activity:
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Table 2:Classification rate for different muscles activities

It shows that the LDA classifier classifies 100% correctly when the muscles are resting and
has a correctness of 82-86% for slow and fast muscle activity (Raurale 2014, p.4). Raurale
also states that the classification rate for different hand movements varies according to the
muscle strength and applied contraction force (Raurale 2014, p.4). This is shown below,
where 4 different samples are used to calculate classification rates:

Figure 5: Classification rate of different hand movements for various tests subjects

In most such applications, knowledge of muscle structure and human anatomy is needed to
skilfully place these electrodes onto the correct positions, to ensure the accuracy and
efficiency of these systems. Other application use commodity EMG acquisition systems that
allow for random placement of the electrodes, which although is much easier to install,
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highly lack in their capabilities compared to “placed-sensor system” such as the ones
mentioned before (Raurale et al., 2018).
However, in later work Raurale et al. developed an approach that makes use of commodity
EMG acquisition system to produce an 8-channel EMG signal acquired from randomly
placed electrodes (Raurale et al., 2018). It produces a 95.57% accuracy of various gestures
and the classification is accomplished in less than 12ms (Raurale et al., 2018). For this work
Raurale et al. uses a Myo armband which has 8 active EMG sensors which measures the
electric potential of the muscles with a sampling frequency of 200Hz per channel. The same
myo armband is used in other similar work by Raurale et al. (Raurale et al., 2019). The
armband is placed on the upper forearm to capture the maximum area wherein the muscles
are located (Raurale et al., 2018). Raurale et al presents the following diagram that
visualises their proposed system:

Figure 6: Raurale et al proposed EMG acquisition and motion recognition system

Three classes of time-domain features are used which are, root mean square (RMS),
Integrated EMG (IEMG), and Kurtosis, and in addition to this, 7th order auto-regressive
(AR1…AR7) model features are also used (Raurale et al., 2018). RMS represents the nonfatiguing contraction levels of the muscles in each time analysis framework. IEMG is used to
measure variation in muscle strength and is related to the EMG signal sequence firing point,
in addition to this it is defined as a summation of the absolute values of the EMG signal
amplitude. Kurtosis is used as a measure of how outlier-prone the distribution is, where
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kurtosis is either greater than 3 or less than 3, depending on whether the distributions are
more outlier-prone or less outlier-prone than the normal distributions. AR models are used
to represent random processes and describes individual samples of signals as a sum of linear
combinations of previous samples in addition to an error term that represents white noise
(Raurale et al., 2018).
Raurale et al further use an MLP classifier. The projected features attained from the LDA
Classifier are passed onto the input layer of the MLP classifier which is configured with three
hidden layers that contain 44 neurons and with a output layer that contains 9 neurons for
the 9 hand motions that are to be recognized. Raurale et al. further clarify that the input of
the MLP are the normalized values of the output of the LDA classifier (Raurale et al., 2018).
It is explained that the selection criterion is based on the convergence of the learning errors
of the different combinations and that the weights and bias were initialised before the
training of a uniform distribution that had a mean of 0 and a variance of 1 (Raurale et al.,
2018). When the absolute rate of change in the average squared error per iteration was
small enough, the learning process was stopped. It is further explained that for each LDA
feature vector, the recognized motion was determined to be the maximum output of the
MLP classifier (Raurale et al., 2018).
The following figure is presented which shows the classification results of the different
feature sets labelled as FS1 to FS4. FS1 consisted of only AR feature sets wotj the LDA
feature projection and the MLP classifier. FS2 consisted of Ar and IEMG, FS3 consisted of AR,
IEMG and kurtosis, while FS4 consisted of AR, IEMG, kurtosis and the log RMS features
(Raurale et al., 2018):
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Figure 7: Classification results of all feature sets

Furthermore, a table is presented that lists the classification results the 9 different hand
motions using LDA and comparing it to PCA (Principal Component Analysis) results taken
from related work (Raurale et al., 2018):

Figure 8: Classification results Raurale et al, 2018

Raurale et al confirm that the overall accuracy of the classification using the time-domain
approach with LDA results in 95.57% while when using PCA it reduces to 50.31% showing
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the superiority of LDA over PCA and time-domain over time-frequency approach (Raurale et
al., 2018).
In a later piece of work Raurale et al. aimed to develop a low complexity EMG wrist-hand
motion recognition system where instead a combination of Integrated-EMG (IEMG), natural
logarithm of variance (InVAR) and root sum square (RSS) are used (Raurale et al., 2019).
InVAR characterises the differences of magnitude with the variances while it amplifies the
relatively small absolute values, to estimate the power density of the EMG signals (Raurale
et al., 2019). RSS is a method used to represent the non-fatiguing of muscle contraction
levels during movement, which allows for variation in muscle strength to be detected
(Raurale et al., 2019).
Raurel et al explain that in most cases LDA would be used for feature projection as was
demonstrated in previous works, yet for this research a non-linear Kernel Fisher
Discriminant (KFD) analysis was used (Raurale et al., 2019). This is because if features that
are not well-differentiated are used as input for LDA, the linear discrimination results in less
efficient between-class separation within the projected feature space (Raurale et al., 2019).
Furthermore, a radian basis function (RBF) neural network is used as a classifier, which has
single hidden layer of 14 RBF nodes to calculates the outcome of the basis functions in
addition to the nodes of the output layer which provide the linear combinations of the those
basis functions (Raurale et al., 2019). The selection criterion for the nodes is based on the
convergence of the learning error of the various combinations, and within the feed-forward
RBF network each individual node in the hidden layer is connected to the output units
(Raurale et al., 2019). The maximum node value from the out put layer of that RBF network
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is designated as the recognized motion of the given KFD feature vector (Raurale et al.,
2019). The following table shows the accuracy of the classification (Raurale et al., 2019):

Figure 9: Classification results Raurale et al, 2019

With an average classification accuracy of 99.03% the proposed wrist-hand motion
recognition system by Raurale et al. in superior to both the time-domain system which was
previously proposed and tested by the same researchers and the time-frequency system to
which both proposed systems were compared to (Raurale et al., 2019).
Gesture recognition for non-intrusive methods is commonly based on windowed descriptive
and discriminatory EMG features (Geng et al., 2016). Geng et al. argue that gesture
classification can be performed using only the EMG signals at a specific point using the
patterns within the instantaneous values of high-density EMG data (Geng et al., 2016). Geng
et al. had a variety of experiments to test their proposition which showed that using three
public databases namely NinaPro, CSL-HDEMG, and their own CapgMyo, they were able to
produce state-of-the-art gesture recognition performance (Geng et al., 2016; Atzori, M. et
al., 2014; Amma, C., 2015). A recognition accuracy of 55.8% on a single frame of HD-sEMG
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signals with a sampling rate of 2048 Hz was achieved for the 27 finger gestures from the
CSL-HDEMG database while reaching 96.8% using a simple majority voting over the entire
segment of each trial (Geng et al., 2016). While a recognition accuracy of 65.1% was
achieved on a single frame of sEMG signals with a sampling rate of 100Hz for the 52
gestures from NinaPro DB1 database and using the majority voting over the entire segment
of each trail for 96.7% was reached (Geng et al., 2016). For an 8-gesture within-subject test
a recognition accuracy of 89.3% on a single frame of an EMG image was reached and when
using a simple majority voting of over 40 frames with a 1000Hz sampling rate, 99% was
achieved (Geng et al., 2016).
Amsuess et al. approach employs a spatial linear combination called CSP-PE (common
spatial patterns proportional estimates) which they compare to the LDA method and
another method called SAO which is a conventional control method (Amsuess et al. 2015).
Their paper explains that this common spatial patterns (CSP) is a supervised spatial filter
method which allows for maximal discrimination between the data from two differentiable
classes acquired through a linear weighting of the input signals from different channels
(Amsuess et al. 2015). This filter uses an input signal and transforms it with a weight matrix
into a vector and then calculates a variance using the following equation:

Equation 9

In which x is the input signal, W the weight matrix, y the vector, E[.] the expectation
operator and Ʃ the empiric co-variance of the matrix of x (Amsuess et al. 2015).
Amsuess et al. further explain that the transformation must maximise the variance of class 1
and minimize the variance of class 2 (Amsuess et al. 2015). To obtain this transformation
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the generalized Rayleigh quotient ratio is maximized in order to obtain the optimal weight
matrix W using:

Equation 10

Where

is the empiric covariance matrix of the data from class i (Amsuess et al. 2015).

In addition to this the lagrangian method is applied which allows for maximization by
performing the generalized eigenvalue decomposition (Amsuess et al. 2015). The
eigenvectors can then be sorted according to their respective eigenvalues in the order of
highest to lowest, where the first vector constitutes the optimal spatial filter used to
maximize the variance of y for data class1 and minimise it for data class 2, whereas the last
vector does the same, yet maximises class 2 and minimises class 1 (Amsuess et al. 2015).
The spatial filter of CSP is used on feature vectors instead of raw signals in which these
features are proportional to the exerted force (Amsuess et al. 2015). Furthermore, instead
of applying this method on only two classes Amsuess et al. extend this to a multi-class
discrimination by calculating the separation optimizing weight matrices of a one-vs.-one
configuration between all possible class pairs (Amsuess et al. 2015). However, this means
that the input and output data cannot be centred, therefore the correlation matrix must be
used instead of the covariance matrix which allows the eigenvectors to be used as
regression coefficients used for the feature data (Amsuess et al. 2015). With this the data
vectors of the two classes, xj and xk can be transformed (yj and yk). If yj>yk, then class j is
winning the pairwise competition and the ratio of class j winning against class k is defined as
the contrast (Amsuess et al. 2015). This concept is applied to a multi-class problem, where
all weight matrices were calculated and the first and last column of these matrices are used
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to build the combined weight matrix Wcomb, meaning that it contains the weight vectors
which maximise the contrast between all pairs (Amsuess et al. 2015).
In the test phase a feature vector xobs is applied to Wcomb resulting in ycomb (Amsuess et al.
2015). Using this, the activation of class j is calculated by multiplying the minimum of the
activations between the classes by the maximum contrast (Amsuess et al. 2015). The
winning contrast of class j is normalized to 1 across all k in order to be used as a probability
measure for the correctness of the activation estimation (Amsuess et al. 2015). This
approach is accurate and robust due to the strict requirements of class j being ensured to
win against all other classes k, and j winning with a large contrast (Amsuess et al. 2015).
Furthermore, the activations are proportional to the contraction level due to the linear
combinations of features leading to reliable movement estimation (Amsuess et al. 2015).
The results of the test for the able-bodied subjects are as follows, where (a) is the box and
blocks test, (b) is the clothespin test, and (c) and (d) are the time it took to complete the test
and how many times the block was dropped in the block turn test, respectively : For the LDA
and CSP-PE, the EMG signal was contaminated with noise for a short period of time
(Amsuess et al. 2015). During this time the LDA delivered considerable wrong estimates
which lead to unintended, short but fast movement of the prosthesis (Amsuess et al. 2015).
For CSP-PE the output was significantly reduced yet it did not produce any wrong
movement, rather the prosthesis would stop and then continue the intended movement,
therefore the subjects reported a greater confidence in the CPS-PE compared to the LDA
(Amsuess et al. 2015).
The results of the test are illustrated in a diagram seen below:
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Figure 10: Tests results of able-bodied subjects for the three control methods

The results for the amputee subjects are presented and these consider only the LDA and
CSP-PE and not the eMSW as this control method was only used by able-bodied subjects
(Amsuess et al. 2015). Their results are presented below:

Figure 11: Test results of amputee subjects using two control methods

The evaluation of these results is that the use of LDA and CSP-PE is not significantly different
to that of the subjects own prostheses control method with which they have had years of
experience while having only a few hours of practice with both LDA and CSP-PE (Amsuess et
al. 2015). Amsuess et al. explains that this could be due to the intuitive control of the
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pattern recognition approach (Amsuess et al. 2015). Furthermore, the subjects generally
report that they favour the CSP-PE over the LDA (Amsuess et al. 2015). Amsuess et al. adds
that the most important feature of the proposed method is the automatic suppression of
wrong movements that may occur due to unreliable estimates leading to precise prosthetic
control, possible even at low muscle activation levels (Amsuess et al. 2015).

2.3. Feedback System
The typical prostheses largely rely on the visual feedback of the user, especially due to the
excessive noise present in raw EMG data (Pistohl et al. 2015). In order to produce precise
robot motion, a feedback system is proposed in addition to the EMG acquisition sensor
system. This feedback system can take many forms, yet the method that is considered
involves using strain sensors or similar sensors which read the position of the robot fingers
and feeds this information to the micro-controller to be used as a comparison to the
intended movement derived from the EMG signals, resulting in the according correction of
the motors used to move to the robot fingers. To gain an understanding of how such
feedback systems can actually support myo-electric control of robotic prostheses, multiple
feedback systems were researched and analysed. Such feedback system may use tactile,
haptic or sensory feedback. Their overall purpose is to create a close loop control, as this is
vital to enable users to manipulate robotic prostheses precisely (Xu et al. 2016).
One such a feedback system is presented by Osborn et al. in which a textile-based tactile
sensor is used to determine the grasping force and slip caused during the interaction with
objects (Osborn et al. 2014). Such sensors are usually known to lack precision and accuracy
when comparing them to other more specialised sensors (Osborn et al. 2014). Osborn et al.
argues that the accuracy of such specialised sensors do not give much benefit to most
prostheses, and that a crude sensing system based on the proposed fabric tactile sensors
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may be sufficient (Osborn et al. 2014). Osborn et al. add that, previous studies have
proposed textile-based sensors such as presented in the works of Lee et al. “bio-mimetic
strategies for tactile sensing” (Lee et al. 2013). And other research such as the paper by
Sergio et al. called “A textile based capacitive pressure sensor” (Sergio et al. n.d.). Yet, none
of these works have developed such sensor systems for prostheses (Osborn et al. 2014).
The sensor itself is designed in a way where piezo-resistive transducing fabric is placed
between row and column conductive traces (Osborn et al. 2014). This design enables each
intersection between the traces to constitute to a pressure-sensing element, where the
resistance between these traces is reduced as the applied pressure increases (Osborn et al.
2014).

Figure 12: Design of textile-based tactile sensor

These sensors were placed on the index and middle finger of the prostheses, because these
are the primary contact during the grasping interaction with object, due to the closing
dynamic of the hand (Osborn et al. 2014). The sensors are coated in silicone-based rubber
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in order to simulate the surface area of the distal regions of the phalanges of the robotic
hand (Osborn et al. 2014). This was done due to the fact that this surface area enhances
the stability of grasped objects and increases the probability of completing grasping tasks
with fragile objects (Matulevich et al. 2013).
The sensor was tested in order to determine an operating range. Osborn et al. presents a
graph to show the average sensor response, see figure 9 (Osborn et al. 2014).

Figure 13: Textile-based tactile sensor response

From this Osborn et al. evaluates that the operating range is approximately 0.5-20N (Osborn
et al. 2014). This operating range is similar to that found in commercially available force
sensors such as the FlexiForce by Tekscan (Tekscan, 2007).
As mentioned before the sensor is coated in silicone-based rubber. This provides extra
protection between the sensing elements and in addition to this offers additional
compliance to the textile cuff surface (Osborn et al. 2014). A graph is presented to describe
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the sensor’s response when coated in different silicone rubber, see figure 10 (Osborn et al.
2014).

Figure 14: Textile-based tactile sensor response using various silicone coating

Osborn et al. evaluates that, increasing the durometer of the rubber decreases the sensor
sensitivity and extends the operating range (Osborn et al. 2014). This phenomenon agrees
with the JKR elastic contact model (Bowden & Leben 1939). Osborn et al. concludes that the
Dragon skin 10 silicone –based rubber is the most suitable coating as it maintains the
sensitivity of the sensor and offer appropriate compliance under applied load, in addition to
this, this rubber layer alters the operating range to 0.8-30N (Osborn et al. 2014)
Two aspects of the interaction of the prosthesis with the object are considered important to
determine the state of the object. One aspect being, when the object makes contact with
the prosthesis and another, when it begins to move while being grasp, indicating slip
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(Osborn et al. 2014). Keeping this in mind, the experiments aimed to evaluate the
responsiveness of the sensor under standard use, while focusing on its ability to detect the
contact with an object and the movement of this grasped object when slippage occurs
(Osborn et al. 2014). Two objects, an ice hockey puck and a mug, were grabbed by the
prosthesis using a tripod grasp (Osborn et al. 2014). In this experiment, a stable grasp is
maintained for a short time, after which the hand is gradually opened in order to simulate
slippage of the object (Osborn et al. 2014).
The contact between the prosthesis and the object is categorised as a positive increase in
the sensor output, where a minimum threshold of 0.15N is employed in order to
differentiate between the noise of the signal and the actual object contact. Once the
contact of the object is initiated and recorded by the sensor, the slippage of the object can
be actively monitored through the data of the sensors (Osborn et al. 2014). Using a first
order time derivative of the sensor signal, calculated using a backwards finite difference, the
slip of the object can be determined (Osborn et al. 2014). The reason this simple time
derivative is used for this task is because it reduces the on-board computation time within
the prosthesis, resulting in the maintained, fast response time (Osborn et al. 2014). Once
the slip of the object has been determined, the simulated prosthesis controller simulates
electrical pulses of 100ms which would close the prosthesis, preventing additional slip of the
object (Osborn et al. 2014).
Osborn et al. observes from the experiments that multiple instances of slip in a short period
of time cause multiple hand closures signals, meaning that it would results in longer close
pulse signals to the prosthesis (Osborn et al. 2014). An evaluation of the experiments, lead
to the result that the proposed textile force sensors are a viable option for the development
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of a closed-loop tactile feedback system which monitors grasping force in prosthetic hands
(Osborn et al. 2014). The sensors are capable of detecting contact and slip of objects during
grasping tasks using the prosthesis, in addition to this, the sensors are universal as the can
be modified to fit any diameter of the prosthetic phalanx and other surfaces (Osborn et al.
2014). The result of the experiments also show that the primary area of contact with object
is the distal region of the index finger, meaning that a single sensor could be employed to
continuously sample until contact with an object is detected and then the control unit can
begin to monitor the remaining sensors, enabling multiple sensing elements to become
active only when it is needed (Osborn et al. 2014). It is concluded that the sensor could aid
in improving control algorithms in order to develop prostheses that are more intuitive and
usable (Osborn et al. 2014).
Most products do not enable the measuring of both hand motion and tactile pressure,
whereas the product proposed by Hammond et al. enable this through the use of soft
embedded pressure sensor and strain gauges which measure the pressure when interacting
with an object and the strain of the finger phalangeal and carpal joints (Hammond et al.
2014). The research presents new mechanical integration methods which allow for the
fabrication of soft sensor and their assembly into wearable devices like the proposed glove,
while also enabling process innovation such as wire embedding and forming of
encapsulation moulds (Hammond et al. 2014).
Other methods that combine sensors include the research presented by Xu et al. which
results in the observation that slip feedback is more efficient than pressure feedback and
that slip feedback improved in the grasping stability. Yet a combination of the two can
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improve the speed of grasping and the combination is as effective as vision feedback (Xu et
al. 2016).
Hammond et al. explains that the sensors used in their work are based of the deformation
of the liquid-metal channels embedded in elastomer substrates (Hammond et al. 2014).
When the bodies in which these channels are embedded, are deformed through
compression or stretching, its electrical resistance changes (Hammond et al. 2014). This
happens due to the cross-sectional area decreasing when the length of the channel
increases by applying tensile force (Hammond et al. 2014). This relationship between
resistance change and strain is presented by this equation:

Equation 11

The sensitivity can be tuned by adjusting the channel width and height, represented by w
and h in the equation (Hammond et al. 2014). Hammond et al. hold the channel crosssection dimensions constant meaning that the sensitivity can be modified by only increasing
the length of the channel along the sensor’s strain axis or by increasing the number of
channel segments, this design employs four channel segments (Hammond et al. 2014).
The paper explains how the sensors were fabricated to be used in the soft glove. Hammond
et al. mentions 4 steps to this fabrication which are as follows: 1) functional component
embedding, 2) silicone casting, 3) layer bonding, and the last step is 4) conductive liquid
injection (Hammond et al. 2014). The materials used for this are, the silicone rubber EcoFlex
as a base material which is a two-part elastomer capable of withstanding high strains, and
the conductive liquid called eutectic alloy of gallium-indium-tin also known as gallistan
(Hammond et al. 2014).
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In order to assemble the glove’s sensor network a strong and secure cohesive is required
which bonds the individual pre-cured elastomer bodies (Hammond et al. 2014). The
strength of this cohesive depends on certain conditions such as the degree of chemical
surface activation, the atmospheric moisture, and the shape and cleanliness of the mating
surface (Hammond et al. 2014). Considering these parameters, three different surface
features have been investigated. The first surface which was investigated is a flat surface
without any special features or embedded components (Hammond et al. 2014). The
second, is the puzzle surface which has a design similar to a puzzle piece with which the
individual surfaces can fit into each other (Hammond et al. 2014). The third investigated
surface has an embedded strain support which allows for silicone columns to form within it
and act as a support anchor (Hammond et al. 2014).
These three methods were tested by tested by applying tension to each mould until these
would fail (Hammond et al. 2014). The results show that the best surface feature was the
puzzle surface as it demonstrated the most consistent bond strength with a minimal change
in its fabrication process, thus the puzzle surface was used for the integration method for
the glove (Hammond et al. 2014).
Hammond et al. observe that 0-16kPa of pressure and 30% of tensile strains were required
to measure the full anthropomorphic hand motions and interaction pressure with objects
for ever-day human grasping tasks (Hammond et al. 2014). A graph is presented to show
the recorded joint angles of the fingers when interacting with three different object which
are a coffee mug, a hammer, and a textbook (Hammond et al. 2014).
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Figure 15: Finger joint angles when interacting with different objects

As expected the textbook grasp executes the smallest flexion angles as this is a flat object
(Hammond et al. 2014). On the other hand, it is clear from the graph that the hammer grasp
causes the largest flexion angles as this is a cylindrical object and has a small diameter
compared to the mug, meaning that the hand must curl significantly in order to achieve a
secure grasp (Hammond et al. 2014).

2.4. Conclusion
After having reviewed the research on the three topics; signal acquisition and processing,
Gesture classification and MyoElectric control, and Feedback Systems; a conclusion on what
of the found methods and techniques will be used, must be made. As most projects employ
this method, this project may follow the phases mentioned by Mangia et al.: 1) signal
acquisition and pre-amplification, 2) filtering and amplification, 3) analogue/digital
conversion, 4) feature extraction, 5) classification (Mangia et al. 2014).
Starting with the Signal acquisition, it has been decided that the bipolar electrode
configuration mentioned by Raurale is a good method of acquisition in case the myo
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armband fails to be suitable. One electrode can be placed on the posterior and another on
the anterior forearm to detect specific muscle movement required for this research from
the Extensor digitorum communis which enables the extensions of the fingers and the
Flexor digitorum profundus which causes the flexion of the interphalanxes of the fingers
(Raurale 2014, p.2). The Thalmic Lab’s Myo armband encompasses the whole circumference
of the forearm, which would cover the designated areas of the forearm, yet this could lead
to crosstalk and excessive noise. Whether this myo armband is suitable for the research will
be concluded after analysing the results of the tests, and other sensors will be compared to
the armband in order to find the best option.
The signal processing will be achieved with commercially available signal processor
components which ideally enable the acquisition of the EMG signals through electrodes as
well. This saves cost on equipment and reduces the complexity of the system. Another
method that was considered is the rakeness-based CS developed by Mangia et al. This
approach enables the size reduction of the data which can be a vital when trying to reduce
the latency and time it takes for the robot arm to move after the signal has been acquired.
Yet, for this project the processing is achieved through a separate processor, thus this
approach cannot be implemented, and it would be too time-consuming to implement. In
addition to this, the signal will not need extensive processing as the desired robot gestures
are simple. Although this is the case, attempts to store and manipulate the signal data in the
least data-consuming manner will be made.
As mentioned before the desired gestures are simple as it involves only closing and opening
the robot hand, due to this the classification will not be as complex as those employed in
the researched projects, yet some of the concepts and methods used in these will be
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employed in the proposed system. One method that may be implemented in this project is
the threshold parameter technique used by Raurale. in order to reduce the classification
time and enable the elimination of irrelevant signal data. In addition to this, the LDA
approach is considered for this as according to Raurale. it has a simple classification
performance (Raurale 2014, p.4). Due to this it can classify simple yet specific gesture
efficiently which is appropriate for this research. Raurale. also proves it classification
abilities to be highly capable even at fast movements, delivering above 80% correct gesture
classification.
The final point to be made to conclude this literature review regards the method used for
the feedback system. The research by Hammond et al. also uses piezo-electric sensors, such
as force and strain sensors, yet encapsulates these in a silicone-like called gallistan which
allows for high tensile load and enables the sensor to be implemented into a glove
(Hammond et al. 2014). This concept is considered to be adapted into the proposed
research and may employ similar encapsulated sensors at the interphalanxes of the robot
fingers to read the degree of bending of the fingers which can be used to be compared to
the intended movement, which in turn allows for motor correction and the correction of the
robot finger position. This concept of encapsulating sensors to protect and increase their
performance has also been proved by Osborn et al. in their research (Osborn et al. 2014).
These methods will be an initial blueprint for the development of this system and will
enable the system to be personalized and fit the specific needs for this research.
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3. Work Plan
In order to efficiently implement this research, a work plan is established in which the order
of work and deadlines are determined. The work plan is vital to organize the workload and
manage the time taken for the various tasks involved in this research. MS project was used
for this purpose and allowed for the creation of a Gantt chart, which is a chart that lists the
tasks that need to be completed and the time it will take to complete these tasks.

3.1. Gantt chart
The Gantt chart is a useful tool as it provides not only the list of tasks and timing but also a
visual feedback in the form of timelines for each task which provides the overview of the
work plan and how the various tasks interact and depend on each other. It also visualizes
the methodology employed for this project. As seen in the appendix section ‘Gantt chart’,
the tasks overlap with each other showing the repetition of some tasks, which is necessary
for this project as it employs the spiral method, enabling the implementation of prototypes
and allowing for corrections in the research, design and implementation.

3.2. Literature review
The literature review contains the background research concerning the three listed topics:
Signal Acquisition and Processing, Gesture classification and myo-electric control, and
Feedback systems. It presents the research collected from different sources including
research papers and projects. These will be reviewed, and a conclusion is made on what
methods and techniques that have been used by the researched sources will be employed in
this project. The literature review can be found above this section of the report.

3.3. Design
This part will consist of the designs that are used to implement the artefact, such as
schematics and component layout. It will elaborate on what components are used and how
they will interact with each other. In addition to this, an explanation on why certain
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components and configuration were used and what their advantages and disadvantages are
and how these designs were influenced by the background research. The schematics will be
created using a software called Fritzing, as it is easy to use and is a free software, and yet
provides detailed features such as the creation of self-developed schematic components
(Fritzing n.d). The designs will be a vital factor to the successful implementation of the
artefact as they provide a detailed and thought-through approach to the implementation
allowing for an easy and safe working manner.

3.4. Implementation
The implementation will be logged using a progress log which has been employed since the
beginning of the research. This log describes a completed task and will elaborate on findings
or other information, while also providing future tasks that must be completed. Using these
logs, a detailed explanation of the implementation process can be made, explaining the
obstacles faced and how these were solved.

3.5. Testing
Test will be conducted to investigate the effectiveness of the artefact and its components.
Evaluations of these tests will determine whether changes to the design and
implementation must be made and thus will probably entail additional research. Tests will
include latency tests, amplification errors tests, and data collection tests.

3.6. MiPP
The MiPP which stands for Mini Progress Point is the first submission in this course. Here a
report which consists of the Literature review, Work plan, and Ethics must be submitted.
This report will be written over the course of the first six months and will be created
simultaneously to other work that must be completed such as the design and some
implementation. The MiPP will also include a presentation that must be given which
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elaborates on the content of the report and the progress up to that point. The report and
presentation will both be reviewed, and feedback will be given which is to be considered
when continuing the work on this research.

3.7. Final Thesis Report
The final report is the final submission for this research and will determine whether the
research has been accepted by the reviewers. It will include the work included in the MiPP
and all work that is completed after that point, this includes the implementation and tests
and their results. The report will present the results of the research and will evaluate
whether the development of the artefact was possible and successful or not and will
elaborate on any future work that is considered.
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4. Methodology
The methodology is the approach or method that is employed to successfully implement
this research. This topic will be discussed in this section. Other factors that are related to the
methodology will also be explained in this section including risk assessment and Ethics as
these are affected by the chosen methodology employed in this research project. The
methodology will be described and an explanation to why this particular approach is taken
will be given, discussing the advantages and disadvantages of it.

4.1. Chosen Methodology
The chosen methodology employed in this research is the spiral method. The reason for
choosing this methodology is because it allows for the implementations of demonstrators
and prototypes which are implemented in most engineering project, for the engineer to be
able to test and correct the artefact correctly. These demonstrators and prototypes are
implemented in iterations. There are four stages that each iteration goes through are:
Idea/research, design, implementation, and testing. These stages are worked through
multiple times. The first iteration is for the implementation of the demonstrator. The
diagram below illustrates this methodology and shows its “spiral” approach to the research:
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Figure 16: Spiral methodology

The demonstrator (D) aims to demonstrate the concept of the research, which in this case is
the reading of the muscle activation levels of a user which are processed to make sense and
become usable for the implementation of a final product. The second iteration is the actual
prototype (P) of the artefact which involves using the myo-electric sensor to pick up the
muscle activation data and utilize it to actuate a servo or robot limb. Finally, the last
iteration will be the implementation of the final product (F) including both the myo-electric
sensor system and the feedback system, which resulted through the testing and
improvement of the last two iterations.
Research: The first stage of each iteration concerns the background research conducted for
a conceptual idea of the project and the other stages of the iteration. The first iteration will
include the literature review as the research stage as this is the first background research
conducted. In the other iterations, this part will include research done for the
implementation such as programming related research or engineering techniques which
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may also be included in the literature review, yet additional research may have to be done
for these topics.
Design: The designs are prone to change a few times during this project as these may be
corrected before, during and after every iteration. The designs are initially affected by the
research and will support the implementation of the artefact. After the demonstrator or
prototype is tested, the designs may be changed according to the results of the tests.
Implementation: As mentioned before, the first implementation will be the demonstrator
which will be used to test and prove that the concept of myo-electric control is plausible.
The second implementation will be the prototype, which is a draft implementation of the
entire system. The last implementation is the final product which is affected by the last two
implementations.
Testing: Testing the artefacts of each iteration is important in order to know what additional
research is to be done and what changes the designs must undergo. The tests are less prone
to change as these are meant to be specifically determined earlier in the project and are
used to determine if the artefact of each iteration is successful and plausible.

4.2. Risk assessment
Risks that may occur while using the product must be addressed and contingencies must be
articulated. The risk assessment is presented in the ‘Table of requirements’ found in the
appendix. It lists all the possible problems that may occur, and the planned solution that
may be used to tackle these problems.

4.3. Ethics
To conduct this research, the ethical issues concerning prosthetics and myo-electric control
must be addressed. The safety and health of the public is the most important aspect of an
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engineer’s work according to the National Society of Professional Engineers’ Code of Ethics
(VanNostrand 2014). The ethics will be discussed and a response to those issues will be
given. Reliable sources will be used to present the facts and opinions of professionals in the
field and a conclusion to the matter will be given at the end.
4.3.1. Safety
Moving onto the first point and most important one according to the National Society of
Professional Engineers’ code of conduct as mentioned before, which is safety (VanNostrand
2014). It is vital for the successful implementation and deployment of prostheses that safety
for the users and the people around is ensured by the engineers. This ethical issue will be
tackled through testing the system on overheating, wire safety, component rigidness. The
wires will be ensured not to have any exposures and air paths can be implemented into the
prosthesis to prevent overheating. The prosthetic rigidness will be designed by the designer
to ensure that the prosthesis does not break easily or is damaged when interacting with
object.
4.3.2. Durability
This brings us to the next point which is durability. The prosthesis must be durable and last
for an extended period of time, ideally for a remainder of the user’s lifetime (VanNostrand
2014). In addition to this, the functionality of the prosthesis must be ensured for a
reasonable amount of time without having to change batteries (VanNostrand 2014). The
material used for the prosthesis is called ABS (Acrylonitrile Butadiene Styrene) and is a fairly
rigid material when processed and shaped in the 3D printer and it lasts for a long period of
time without losing its strength. For the purpose of this research, the most cost-effective
methods are used, and this material is a good choice for this. To prolong the battery life,
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attempts to use low-power consuming components and configurations will be made and
easy method of battery exchange will be implemented.
4.3.3. Cost
Most prostheses are highly priced and as such only few organizations and customers can
afford these technologies (Jung & Yoo 2014). The Code of Ethics for biomedical engineers
states that it is required of the engineer to make an effort to reduce cost and increase the
availability of the product as much as possible (VanNostrand 2014). It is mentioned by
VanNostrand that the cost of the product must be in line with its durability (VanNostrand
2014). As mentioned before one of the objectives of this research is to employ costeffective methods of implementation and thus cheap, yet effective material such as ABS is
used to ensure cost-effectiveness and the delivery of quality products in line with the cost of
the product. In addition to this, cost-effective components are used.
4.3.4. Accessibility
The next point to be discussed regards the accessibility of the product. As mentioned before
the code of ethics for biomedical engineers states that one must make an effort to decrease
cost and increase availability (VanNostrand 2014). The availability depends heavily on the
cost of the product, as the higher the cost of the product the less likely it is that low-income
consumer can purchase it. To tackle this issue, as has been mentioned before cost-effective
methods are employed to implement the prosthesis and the sensor system. In addition to
this the University of Bedfordshire, the institute where this research is conducted, has been
involved in the research of prostheses and are in contact with multiple clients and have had
past success in implementing prostheses for those clients. This has caught the interest of
public, resulting in the University continuing to receive requests to develop prostheses for
people. These projects are mostly donation funded and as such are affordable to even
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lower-income consumers. The future of this research will aim to be involved in those
projects, leading to the ease of access to this technology.
4.3.5. Use of unnatural material
The ethical issue of using unnatural material may lead to the amputee having advantages
over a human limb (VanNostrand 2014). This issue is rather difficult to solve as soft robotics
is a developing field and not many commercial products are available and in addition to this,
these would be extremely expensive. The use of ABS may be an unnatural material to use
yet it cannot lead to much advantage over a human limb because although it is rather rigid it
does break under heavy force as a human limb would, thus it cannot be misused in that
manner. The issue of not feeling anything, including pain cannot be solved in this research
as that is an entirely separate and complex research field itself.
4.3.6. Conclusion
The main and most impactful ethical issues have been discussed and suitable solutions to
these have been provided. The addressing of ethical issues is vital to the successful
deployment of products such as prostheses and the according sensor systems. This research
aims to benefit the consumers and future research in this field and as such, according issues
must be solved in order to ensure the safety and satisfaction of the consumers and ease of
continuation of this research. This part of the report has successfully achieved listing the
planned solution to these issues which will support the design and implementation of the
artefact.
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5. Design
After conducting research on previous projects and research surrounding this thesis, designs
can be created that will visualise and plan the implementation of the artefact and support
the development. The designs start off as conceptual drawings and ideas that will be formed
into more technical designs such as schematics, graphs, or diagrams. These designs will be
presented and discussed here. These designs have changed throughout the investigation of
this research and these changes will be shown and explained. To discuss the final designs of
the system, the designs of previous configurations that have failed to be suitable for the aim
of the research must be shown and discussed in order to explain how the final designs have
been created. All these designs will be presented and explained.

5.1. Concept Designs
These designs were the raw, initial ideas that have been visualised in order to think of
functionalities, layout and possible methods and components that need to be used to
implement the artefact. These designs are presented and explained below.

Figure 17: Concept design of the robotic prosthesis
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The above image was the initial design produced from the first idea in which the Thalmic
labs MYO armband was intended to be used to read the muscle activation levels of the user.
This idea was integrated into the idea of producing a slip-on prosthesis as seen in the in the
above image. The Myo armband is hidden within a sleeve, which is supported using solid
material in order to give the sleeve a sturdiness and hold the robotic hand in place. Two
actuator configurations were considered, the first being one motor moving all fingers, and
the second being 1 servo motor moving the 4 fingers and 1 servo motor moving the thumb.
The tendon wires may cause problem when connected to the thumb due to awkward
placement, due to this the second configuration was preferred over the first as this would
solve the problem.
Furthermore, the motor is located within a cylinder which has cogs. These cogs are used to
keep the tendon wires in place and prevent them from crossing over each other while the
motor and cylinder spin around. The last factor to discuss regarding this concept design is
the processing chip. The idea was that, the raw EMG data gathered by the MYO armband
would pass through the processing chip before being interpreted by the micro controller.
The processing chip would process the signal by filtering and amplifying it in in order to
become usable in the classification process, thus it was placed inside the sleeve and was
within the wire channel path.

5.2. Schematics
The next step in the designs process was to determine which components had to be used
and then produce a schematic as a design for the electronics. These schematics have
changed multiple times as the project has investigated multiple approaches towards this
research. The previous designs will be presented and discussed. Lastly, the final schematic
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design will be presented and the creation of this design which has been influenced by
previous iterations will be explained.
The first electronic design involved using the Myo Armband and the AD8232 processing chip
in order to acquire the raw EMG data and process it using the chip. The AD8232 is an opamp which is used in this case for the amplification and filtering of the signal in order to
attenuate noise and acquire usable signal data.

The arduino receives
the processed signal
which is causes the
coded algorithm to
activate and create
actuation

The EMG signal from the MYO
Armband is passed to the signal
processor (AD8232) which
amplifies and filters the signal.
Which rids the signal of unwanted
noise primarily caused by
crosstalk

Strain gauges are used to create a
feedback system which sends the
position of the fingers to the
arduino to be compared to the
intended movement interpreted
by the EMG signal.

The MYO Armband
reads the muscle
activity of the
amputees arm

The arduino actuates
the motor as intended
by the amputee, and
thus, moves the
prosthetic hand

Figure 18: Initial System design using Myo armband and AD8232

The diagram above illustrates the interaction and functionalities of the components and the
system. Two sensor systems are designed to be implemented, the first being the Myo
Armband used to sense the muscle activation levels of the user and the second sensor
system employs a set of strain gauges used to read the position of the robot fingers. The
signals acquired by the Myo armband pass through the AD8232 processing chip and is then
sent to the microcontroller which uses the signal data to actuate robotic movement in the
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prosthesis. On the interphalanxes of the robotic fingers, strain gauges are attached which
are used in the feedback sensor system. The values attained from the strain gauges are
gathered by the microcontroller and are interpreted as the degrees of bending of the
robotic fingers. As mentioned in previous sections of this report, these values are used to
compare the position of the robot fingers to the intended movement of the user which are
derived from the EMG data of the Myo armband.
Further research indicated that the heart rate sensor which employs the AD8232 chip is able
to process but also acquire bio-potential signals and instead of using the Myo armband the
heart rate sensor system can be used (Tech 2013). The Myo armband has too many sensors
which creates extensive crosstalk, and although the armband is able to detect some
gestures effectively, some other gestures are not detected as effectively. In addition to this
the classification algorithm and most information on it is not published by Thalmic labs, thus
it is difficult to conduct research on it or modify the algorithm in any way. After having
considered these flaws it was decided that a simple classification system could be developed
and cheaper devices can be used, as using the Thalmic Lab’s Myo armband as only a sensor
would be costly.
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Figure 19: electronic schematic using AD8232

This schematic represents the electronic design of the AD8232 heart rate sensor approach.
These signals are acquired through the 3 surface electrodes marked as U1, U2, and U3. The
signals pass through the actual processing chip labelled as IC1 and named AD8232 in which
they are processed through amplification and filtering in order to remove noise and gain a
clean set of signal data. These processed signals are then picked up by the Arduino
microcontroller in which they are used to actuate a motor labelled as M1 to which a diode
D1 and a 270Ohm resistor R4 is attached in order to control power input and output and
prevent damage to the motor and microcontroller. The motor M1 is used to move the robot
fingers of the prosthesis. On the left, the two strain gauges S1 and S2 which are placed on
the interphalanxes of the robot fingers act as a secondary sensor system to provide
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feedback by reading the position of those robot finger and confirm whether they are in the
correct position.

Figure 20: Initial electronic schematic using MyoWare sensor

This is the first schematic in which the MyoWare sensor is employed. Two MyoWare sensors
are connected to the analogue pins of the Arduino while a servo is connected to a digital pin
which enables PWM (pulse-width modulation). The motor was replaced with a servo as it
did not need additional components for safe actuation and it also saved more space within
the robotic palm. The two strain gauges present in other schematics are also connected
here. This schematic was the initial attempt to design and implement this sensor, yet after
further thinking about the functionalities of the sensor and the human muscles, this design
was changed. These new schematics can be seen below.
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Figure 21: Final schematic design using MyoWare Sensor

After thinking about how the muscles contract and relax, it was realised that there was not
any need for two MyoWare sensors, as only one was needed to sense the contracting and
relaxing of the flexor digitorum muscle group in the anterior forearm which could be
converted to positive and negative movement in the servo. Due to this, the final design
employed only one sensor instead of two. In addition to this the 2 strain gauges were
removed from the design due to multiple problems concerning these which are mentioned
in the ‘Implementation’ chapter. The strain gauges were replaced with one flex sensor, due
to its ability to sense the bending of the finger over the whole length of the robot finger,
whereas the strain gauges had to be intergrated into at least two phalangeal joints of the
robot finger in order to sense the whole bending of the finger, which would have increased
the processing load of the system.
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6. Implementation
Here the techniques and methods used to implement the artefact will be explained.
Obstacles that were encountered and how they were overcome will be discussed and an
explanation of how the designs influenced the implementation will be provided. As the
designs have changed multiple times, multiple implementation of different configurations of
the prototypes were conducted, these will be presented and explained, and their flaws and
advantages will be discussed.

6.1. Thalmic Lab Myo Armband
The first iteration investigated the capabilities of the Thalmic lab’s Myo armband. An open
source Arduino code called SimpleOutputFromPoses which lights up a certain LED
corresponding to a specific gesture picked up by the myo armband was implemented to
observe the accuracy and responsiveness of the myo armband.
The code was open source and it required the MyoController library to be included. This
library enabled the Arduino compiler to understand various methods and variables
concerning the myo armband such as the names of the gestures: rest, fist, waveIn,
sswaveOut, fingersSpread, and doubleTap (JAKECHAPESKIE, n.d). The code asked for the
current executed gesture or pose using the ‘getCurrentPose’ method and using switch
statements, caused different LEDs to light up according to a specific gesture. The code is
show below:
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Figure 22: Code 1

After trying the code for the first time it became apparent that the configuration was
missing something as the LEDs did not react. At first this was seen as a hardware error such
as broken LEDs or dry connection, but after some research in the solution to the problem
was found. In order to use the Myo armband and its gesture recognition on platforms such
as the Arduino a code by the name of Myoduino had to be executed (Bernhardt, 2015).
After executing this code, the LEDs reacted accurately to the according gestures. Although
there was one faulty LED which signified the Fist gesture, it was easily replaced and the
whole configuration worked well.
After testing the myo armband’s gesture classification, a first prototype was implemented to
see how responsive and accurate the system would be in regards of sensing-to-actuating
capabilities. A simple addition of a servo motor connected to the micro-controller which
captured the data from the myo armband created a communication between a sensor
system and actuation system. The knowledge from the previous code was used to create a
new code which employs the classification of the myo armband and uses this data to
actuate the servo. Two classified gestures were used in the program, these were “rest” and
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“fist”, which symbolized the closing and opening of the hand. The code causes two states in
the servo, one being the servo rotating to 175 degrees and the other moves the servo to 5
degrees. The reason for the 5-degree difference from 0 and 180 is to prevent the overriding
of the servo which would cause it to spin 360 degrees and possibly causing damage to the
prosthesis if implemented. The code is explained below:

Figure 23: Code 2

In order to a use a servo, the ‘Servo’ library had to be included and once again the
MyoController library was included to enable the use of the myo armband in the code. Both
servo and the myo armband had to be defined, shown above as ‘myservo’ and ‘myo’,
respectively.

Figure 24: Code 3

In the setup function, the servo had to be defined to a specific pin on the microcontroller, in
this case digital pin 11 which allows pulse-width modulation or PWM which is need for
future prototypes. In addition to this the myo armband had to be initialized in order for it to
communicate with the microcontroller.
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Figure 25: Code 4

Similar to the demonstrator code, the current executed pose or gesture is classified and the
code ‘asks’ for it. After determining what gesture has been recognized a switch statement is
employed and according to the gesture a specific set of code is executed. As mentioned
before, two gestures that are considered for this implementation are the ‘rest’ and ‘fist’
gesture symbolizing the opening and closing of the hand. In the ‘rest’ case, the servo will
move to 5 degrees which represents the opening of the robot hand. The second case is the
‘fist’ case, in which the servo is moved to 175 degrees representing the closing of the hand.
To investigate how this prototype would work when the servo is attached to robot finger, an
open source design from inMoov which allows the testing of one robot finger, was 3Dprinted and integrated into the system (Langevin, No date). The same code was used for
this implementation, yet another servo was used as only the standard size servo was
compatible with the inMoov model. The first servo caused problems as it was faulty and was
replaced with a new servo. Now the system worked well, and the observation could be
made. The testing section will further elaborate on this.
65 | P a g e

6.2. DFRobot Heart Rate Sensor
The next configuration involved the DFRobot heart rate sensor. This sensor was supposedly
able to sense bio-potential signals via surface electrodes. The sensor had a signal processor
imbedded into it which would amplify and filter the signal in order to gain accurate and
noise reduced signal data.

Figure 26: DFRobot heart rate sensor test

The sensor had a connection to the micro-controller via power, ground and an analogue pin.
On the other end of the sensor was the connection to the electrodes which were attached
to the forearm of the user. The red and green electrodes were placed along the targeted
muscle group and the yellow electrode was placed as a reference away from the targeted
muscle group.
After having tested this configuration it was apparent that it was not suitable for this project
as there was no reaction in the signal data to the movement of the muscles and only noisy
data was received. Although the data sheet of this sensor mentioned that it could sense
various bio-potential signals, this was not the case. This was because sensor must be kept
away from muscle groups and as close to the heart as possible, meaning that it could only
sense the heart rate. The tests results can be seen in the test section of this report.
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6.3. MyoWare Sensor
The final configuration involved using the MyoWare sensor, a myo-electric sensor which
reads the muscle activation levels of a designated muscle. This sensor is similar to the
Thalmic lab’s myo armband, yet it is placed on one specific muscle group instead of reading
signals from multiple groups around the forearm. The reason that this sensor is used instead
of the myo armband was due to the ability of targeting a specific muscle group thus,
reducing the overall noise caused due to crosstalk, and because the cost of the MyoWare
sensor being much lower than the myo armband. In addition to this the myo armband’s
classification information is not published, and its functionalities were only able to deliver
digital movement of the robot arm, meaning it was able to close the hand or open the hand.
However, the aim of this research is to investigate a myo-electric sensor system which
enables analogue movement, meaning being able to deliver movement from opening the
hand to closing the hand. The myo armband could enable this as it allows for raw data to be
received, but this would need separate processing, whereas the MyoWare sensor is able to
present both raw EMG data and processed EMG data thus, requiring less signal processing.
The initial idea with this sensor was to employ two sensors; one for the posterior forearm
muscles group called extensor digitorum meant for extending the fingers, and one for the
anterior forearm muscles, in particular the flexor digitorum muscle group meant for flexing
the fingers. But after realising that only one muscle group was needed for this purpose, as
the opening and closing of the hand can be achieved through the contraction and relaxing of
only the flexor digitorum muscle group, this idea was changed and only one sensor was
employed instead. This sensor was placed on the anterior forearm targeting the flexor
digitorum muscle group.
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Furthermore, the strain gauges were removed from this configuration as there were easily
damaged in the experiments, especially when being bent whilst on the robot finger. This led
to the employment of the flex sensor, as this sensor was sturdy and not as easily damaged
and was able to read the bending of the robot finger across the whole length of the finger.
The strain gauges would have had to be placed at each phalangeal joint in order to read the
bending of the whole finger, and due to the need of signal processing equipment for the
strain gauge and additional code to further process the received signal, the strain gauge was
replaced and the flex sensor was observed to be a better component for the
implementation of a feedback system.
After receiving the MyoWare sensor, it was tested without any electrodes, meaning that the
sensor had to be held in position. At first, this caused the signal being lost and the value not
reacting to the change in muscle contraction. After finding a plausible position for the
sensor, it was held in place and the values were printed to the serial monitor.

Figure 27: Initial MyoWare sensor test without electrodes

The results were that the value rose when the muscle was contracted and declined when
the muscle was relaxed, as seen below. After this, the same experiment was attempted
again, yet the signal continued to be lost thus, it was concluded that electrodes should be
purchased in order to continue with the experiments.
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Figure 28: Arduino signals of MyoWare sensor test without electrodes

In order to achieve reusability for the electrodes, non-gelled electrodes were purchased
which could be re-used unlike gelled electrodes. After testing the sensor with these
electrodes clipped onto them, it was apparent that these were not suitable for this project
as the signal was constantly lost due to poor contact to the human skin. After this, an
attempt to strap the sensor onto the arm using elastic bands was made, yet this caused the
deformation of the skin and flesh of the forearm which also caused signals loss. It was also
observed that after exercising and sweat building up on the forearm, the sensor did not
function correctly. This is because the sweat affects the surface contact between the
electrode and the skin, as such it must be made sure that the targeted area on the forearm
is cleaned before attaching the electrodes.
After these experiment, gelled surface electrodes were purchased and used in further
implementation and experiments. After attaching the gelled electrodes to the MyoWare
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sensor, the sensor was connected to the Arduino board and its readings were printed to the
serial monitor. This first test showed that although the signal is processed by the MyoWare
component itself, the signal was still not as accurate as expected, and small contraction of
the muscles caused rapid increases in the values thus, still resulting in a somewhat ‘digital’
result. This was very apparent once the “Finger starter” by InMoov was implemented
(Langevin, No date).
Moving onto the actual implementation, there are multiple configuration that have been
implemented and tested. These configurations involved the use of different programming
methods and libraries. These methods and libraries will be described, and their code will be
presented and explained. And lastly, an explanation on which of these configurations were
used and why, will be presented.
There are three main sources of code used in these configurations, these include: A library
called ResponsiveAnalogue, found on GitHub and published by the user Damien Clarke
(Clarke, 2016). Another library called ExonentialFilter also found on GitHub and published
by MegunoLink (MegunoLink, no date). And a method called smoothing available in the
Arduino example codes. These codes were tested and then combined to improve the
performance of the overall system. The three combinations were: ResponsiveAnalogueRead
and Smoothing, ResponsiveAnalogueRead and Exponential Filter, and
ResponsiveAnalogueRead, Smoothing and Exponential Filter.
The first found and tested library, ResponsiveAnalogueRead was used to remove noise and
reduce jitter in the sensor values. This library was explained to be able to reduce large
amounts of noise without decreasing the responsiveness of the sensor readings, even when
the voltage is changing rapidly, while also avoiding the values to jump up several values at
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once when the input signal changes slowly in order to attain a smooth change for short
transitions (Clarke, 2016). An initial test to compare the values between the unprocessed
signal data and the signal data going through the ResponsiveAnalogueRead code was
executed. It was observed that the noise was indeed reduced as seen in figure 22 and figure
23. Figure 22 shows the initial signal data, and it is apparent that results are noisy, unlike in
figure 23 where the signal is smoother and shows less noise

Figure 29: Original EMG signal date from MyoWare
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Figure 30: MyoWare EMG signal using ResponsiveAnalogueRead library

Although the noise is reduced causing the signal to jitter less, there is still some observable
jitter present in the signal data which was thought to be caused by the natural jitter of the
muscles when they contract and also when they relax due to the position of the hand or
interaction with objects. In addition to this a problem caused by the range of values from
the sensor was also observed. The difference between minimum and maximum reading is
very low (around 40 units) causing issues when integrating a servo into the system which
has a range of 0 to 180, and mapping the low sensor values to the servo values causes the
servo to jump to a high value position although there is only a small change in muscle
activation being sensed by the sensor.
Later this problem was solved by reconsidering the placement of the surface electrodes. The
reference electrode was placed further away from the designated muscle group. The initial
position was thought to be plausible, but in actual fact the designated muscle extended
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beyond its position. This placement of the electrodes removed almost all jitter, and greatly
increased the quality of the signal data.

Figure 31: MyoWare electrode placement correction

Once this problem was solved, a new method called smoothing was investigated. This
method takes n amount of readings and formulates an average value for these readings,
which can then be used in any further tasks. With the correction of the electrodes, the
smoothing method was able to return good quality data as seen in figure 25.

Figure 32: EMG signal using smoothing method
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Some small jitter in the values was observed, but it was evaluated that this would not cause
any problems as it was not regular, nor did it increase the sensor values greatly. Continuous
experimentation with the smoothing method and the number of readings used to create an
average, lead to the conclusion that 350 readings were ideal, as anything below that still
caused some jitter especially when a servo was included into the system as the servo itself is
noisy and causes jitter. And anything above 350 began to make the system latent and less
responsive.
A similar method to that of smoothing was employed by a library called ExponentialFilter.
This library enabled the forming of an average built upon a previous average, whereas
smoothing forms an average for every n reading. Comparing this library to the smoothing
method showed that ExponentialFilter caused less jitter yet was much less responsive. The
readings were accurate but changed after a small period of time causing latency in the
delivery of the data. However, although the ExponentialFilter library was less responsive it
causes less jitter which in a real-world situation is more valuable, especially when
interacting with objects.
6.3.1. Configuration No.1: ResponsiveAnalogueRead + Smoothing
After collecting and testing the various libraries and methods, an attempt to combine these
was made in order to increase the overall performance of the system. The first of these
combinations was that of the ResponsiveAnalogueRead library and the smoothing method.
This combination delivered good results, as it was responsive to the contraction and relaxing
of the muscles, yet still causing jitter. However, it jitters less than when the codes are used
separately. The code of this combination is presented and explained below.
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Figure 33: Code 5

Before coding the actual functionalities of the system, an initialization of various factors is
needed, such as shown above. The first line of code defines the number of readings that are
used to create an average, which in this case is 350 which as mentioned before was the
ideal amount. Next the libraries used in this code are included, these being the
aforementioned ResponsiveAnalogueRead library and the Servo library which as the name
suggests enables the use of servos.

Figure 34: Code 6

The nest step in this code if to define the variables and objects that need to be used for
further implementation of the code. The variables are all integer types, inputPin is a variable
to which the reading from analogue pin A0 will attach to and which is also used to create
the ResponsiveAnalogueRead object called ‘analogue’. The reading from inputPin are passed
through the ‘analogue’ object, this is needed so that the analogue readings can be passed
through the algorithm of the ResponsiveAnalogueRead library and reduce the jitter in the
data. The second part of the bracket labelled as ‘true’, enables the sleep functionality of the
library which causes the change of the values to take less time and when these values stop
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changing, they do so more abruptly, this is why the readings from the sensor are accurate,
yet still responsive. Another object that is created is the servo object called ‘myservo’,
which is used to code functionalities for the servo hardware implemented into the system.

Figure 35: Code 7

Code 7 presents the setup function of the code which will execute only once. Here the Serial
communication is initialized and set to a baud rate of 115200. Next the servo is attached to
digital pin 11. The variables that are to be used for further development of the average are
set 0 in the above shown ‘for’ loop.

Figure 36: Code 8

Now the loop function is created, in which the main body of the code is located. The code in
this function will continue to loop until the program is terminated. The first line of code
within the loop function updates the analogue object every loop, meaning that every
reading is passed through the ResponsiveAnalogueRead algorithm in order to reduce noise.
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Figure 37: Code 9

The first line of code in Code 9 the new reading is subtracted from the last total. In the first
iteration it will be 0 as ‘readings[readIndex]’ is still 0. After this, a value is assigned to
‘readings[readIndex]’ which is done by using the ‘getValue’ method. This means that the by
ResponsiveAnalogueRead processed analogue reading is assigned to ‘readings[readIndex]’.
Now this value is added to the “total” and the index called ‘readIndex’ is updated by
incrementing it by 1.

Figure 38: Code 10

The above presented code checks whether the index has reached the number of readings
used to create an average which is 350 in this case. If this is the case the index is once again
set 0, so that the next 350 readings can be used to create an average.
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Figure 39 : Code 11

Now the average is calculated by dividing the “total” which is the sum of the 350 analogue
readings, by actual number of readings which is 350. Once this average has been created, a
minimum reading and maximum reading is determined and the average is constrained to
these values, in order to prevent any amplification error in the servo. The determined
minimum and maximum in this case are 30 and 50, respectively. Now the average is
mapped to the values that the servo can function with, which are 5 to 90; note here that the
servo is able to read values from 0 to 180, yet the minimum reading is mapped to 5, which is
done once again to prevent any amplification error causing to the servo to overload and be
forced to move 360 degrees. Whereas, the maximum reading is mapped to 90, as the
movement of the fingers is limited to around 90 degrees, so it is unnecessary to move the
servo 180 degrees. The current value of the “average” is printed to the serial monitor for
analysis and monitoring purposes. The mapped average is then written to the pin to which
the servo is attached to, so that the servo can read the value and move to the respective
position. Finally, a delay of 1ms is established in order to create a stability of the system
and prevent overloading of the Arduino board.
6.3.2. Configuration No.2: ResponsiveAnalogueRead + Exponential Filter
The use of these two libraries also delivered good results. Although not as responsive as the
previous configuration, when these two libraries were combined it resulted in the jitter
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being almost eliminated even when the muscles were slightly contracted and held in a
particular position. The values returned were accurate, yet the change of values was visibly
latent as was the movement of the servo. However, at this point of the research the
accuracy and reduction of jitter was valued more than responsiveness. The code for this
configuration is shown below.

Figure 40: Code 12

Firstly, the libraries which will be used in the code are imported. Similarly, to the previous
configuration, the ResponsiveAnalogueRead and the Servo libraries are imported, which are
used to pass the analogue readings through an algorithm to reduce jitter and enable the use
of servos, respectively. In addition to this, the Exponential filter library called ‘Filter’ is also
imported, which allows for the filtering of the analogue readings using the exponential filter
algorithm. This algorithm is explained below:
Equation 12

Where yn is the output of the filter at time n; xn is the new input value at time n, meaning
the new analogue reading; yn – 1 is the previous output value of the filter; w is the weighting
factor (Martisen, no date). This weighting factor ranges from 0 to 100 and at default, is set
to 10. When w is set to a high value it favours new data over old data, which increases its
responsive but decreases the smoothing of the values, whereas at lower values it is
smoothed out leading to reduced jitter, yet it is not as responsive (Martisen, no date). The
default value was observed to be best to remove jitter.
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Figure 41: Code 13

As such when the ‘ExponentialFilter’ is created the weight factor is set to 10 and the initial
value is set to 0. Another object called ‘myservo’ is created which as the name suggest and
similarly to the previous configuration, is the object which represents the servo.

Figure 42: Code 14

Next the two variables needed in this configuration are defined. ‘ANALOGUE_PIN’ is the
variable name to which the analogue readings are assigned which is set to a constant
integer type. ‘myo1’ is the integer variable that will be used further into the code as a
variable to which the processed analogue data will be assigned to. The final factor to be
initialized is the ResponsiveAnalogueRead object named ‘analogue’ which is explained in the
previous configuration.

Figure 43: Code 15

Now the setup function is coded, which as explained before is executed only once. In this
function, the serial communication is established with a baud rate of 115200 and the servo
object is attached to digital pin 11 in order to write values to the servo hardware.
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Figure 44: Code 16

After the setup function has been completed, the loop function is coded, which will keep
looping until the application is terminated. The first two line of codes of the loop function
regard the ResponsiveAnalogueRead library. First the ‘analogue’ object is updated, which
means that the incoming analogue reading is passed through the algorithm and processed
to reduce noise and prevent jitter. After this the ‘getValue()’ method is used to gain the
current value of the processed data which is then assigned to the variable name ‘myo1’
which has been defined in the beginning of the code.

Figure 45: Code 17

This part of the code uses the Exponential Filter library. The object called ‘ADCFilter’ is called
upon and the filter function is used on this using the value of the myo1 variable. The value
of myo1 has already been processed by ResponsiveAnalogueRead and will now be passed
through the exponential filter which creates a continuous average, meaning that it creates a
new average using the last calculated average. The filtered value is then received using the
‘Current()’ method and is assigned to myo1.
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Figure 46: Code 18

Finally, and similarly to the previous configuration, the myo1 is constrained to a minimum
and a maximum which are 30 to 50 and is then mapped to the values that the servo can
read, in this case 0 to 90. The current value of myo1 is printed to the serial monitor and is
then written to servo through the digital pin 11. The last line of the code establishes a delay
of 1ms for the purpose of stability.
6.3.3. Configuration No.3: ResponsiveAnalogueRead + Smoothing + Exponential Filter
The last of the three tested configurations is the combination of ResponsiveAnalogueRead,
Smoothing, and ExponentialFilter. This configuration delivered good results in regards to
reducing jitter, but similarly to the previous configuration it produced latency, yet was still
more responsive than the combination of ResponsiveAnalogueRead and ExponentialFilter.
The code for this combination is shown below.

Figure 47: Code 19

The libraries that have been imported in previous configuration, are imported here as well.
The ‘Filter’ library to employ the exponential filter, the ResponsiveAnalogueRead library to
handle the noise coming from the analogue MyoWare sensor in order to reduce jitter, and
the ‘Servo’ library to allow the use of servos connected to the Arduino board. In addition to
this the smoothing method is employed and shall be presented further on in this section.
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Figure 48: Code 20

The next step is to define the variables that must be used in this configuration. These
variables are a collection from the multiple libraries and methods employed here, including
the ‘myo1’ variable which is used to assign values to further on in the code. Note here, that
the number of readings is set to 10 instead of 350. This is because the tests showed that the
system was too latent when this number of readings was set too high, as such it was
reduced to 10 number of readings.

Figure 49: Code 21

After the variables have been defined, the objects needed to implement the functionalities
of the libraries are created. Three objects are created, the Servo object called ‘myservo’, the
Filter object called ‘ADCFilter’, and the ResponsiveAnalogueRead object called ‘analogue’.
These objects and how they work have been explained in the previous sections.
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Figure 50: Code 22

The setup function, which is executed only once, initializes 3 factors of the code. First the
serial communication is set up and set to a baud rate of 115200. Next the servo object
‘myservo’ is initialized and attached to digital pin 11. Finally, the variables used for the
smoothing method are initialized to 0.

Figure 51: Code 23

The loop function which loops continuously until the program is terminated, contains the
main body of the code. First, the analogue object is updated which means that the new
readings from the analogue pin are passed through the ResponsiveAnalogueRead algorithm
to reduce the jitter in the values. Then the smoothing method is implemented using the
processed signal data by using the ResponsiveAnalogueRead method called ‘getValue()’, and
the index is updated by incrementing it by 1.
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Figure 52: Code 1

This part of the code investigates whether the index has reached the maximum which is
equal to the number of readings used to create the average which in this case is 10 as
explained previously in this section of the report. If this is the case, the index is once again
initialized to 0, so that the next 10 readings can be used for the new average.

Figure 53: Code 2

Now the average of the smoothing method can be calculated and assigned to the variable
called ‘average’. This the value of ‘average’ is then passed through the exponential filter and
assigned to the object called ‘ADCFilter’ which has been explained in the previous section.
The value of ‘ADCFilter’ is requested using the method ‘Current()’, and this value is assigned
to the variable ‘myo1’.

Figure 54: Code 3
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‘myo1’ is now constrained to a minimum and maximum which in this case are 29 and 55,
respectively. These values are mapped to the values that the servo can read which are 5 to
90 in this case. The values of ‘myo1’ are printed to the serial monitor, so that they may be
monitored and analysed, and these values are also written to the servo which shall in turn
move the servo to the respective position. Lastly, a delay of 1ms is implemented in order to
create stability in the system.

6.4. Feedback System
The second part of this research is the development of a feedback system which corrects
the position of the robot hand and prevent the jitter of the servo motor. The servo produces
noise which causes it to jitter. This results in amplification errors in the robot hand, causing
the hand to move to incorrect positions. The feedback system uses a flex sensor to read the
current position of the robot hand and the Arduino micro-controller compares the values of
this sensor and the values of the MyoWare sensor. If these do not match the position of the
robot hand will be corrected and moved to the intended position. The schematic design of
the whole system has been presented in the ‘Design’ section of the report. This section will
explain the code and describe the implementation of the schematic design. A diagram
describing the entire system including the sensor and feedback system can be seen in the
appendix section “Sensor system diagram including feedback system:”.
Also as seen in figure 26 and explained in the ‘Design’ section of this report, only one sensor
was used instead of two. This is because the two strain gauges were replaced by a flex
sensor, due to the flaws of the strain gauges and the advantages the flex sensor has over
them. Figure 26 shows how the flex sensor was setup. As mentioned in the ‘Design’ section,
the flex sensor has the ability of sensing the bend along the whole length of the finger unlike
the strain gauges, due to this it was placed along the whole length of the finger, in this case
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the middle finger. The sensor was then fixed using elastic bands to ensure it would not
move from the position in order to preserve the same environment for all the tests, yet still
allow for it to be taken off easily if needed without damaging the sensor and the robot
hand.

Figure 55: Flex sensor setup on robotic prosthesis

The code for the feedback system was added to both configuration 1 and 2. It uses the
processed signal to make the comparison with the position of the robot hand using the
values from the flex sensors. This code is presented below.

Figure 56: Code 4

To ensure that the data can be analysed, the different values are labelled and printed to the
serial monitor, as seen in Code 27, where the processed MyoWare sensor values are printed
and labelled.
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Figure 57: Code 5

Next the flex sensor is read from the analogue pin A1 and assigned to the variable called
‘flex’. The values of ‘flex’ are constrained to a minimum and maximum which in this case is
204 to 240. These values are then mapped to the values that the servo can read which are 5
to 90. The values are then printed to the serial monitor and labelled appropriately as ‘Flex’.

Figure 58: Code 6

Now the two equations needed to correct the servo position are created and assigned to
the variable names ‘errorMargin’ and ‘correction’. ‘errorMargin’ calculates the difference
between the intended movement and the position of the robot hand. This is done by
subtracting the flex sensor values from the processed MyoWare values. The error margin is
then used as a value in the ‘correction’ equation. The error margin is added to the flex
sensor value, which in turn returns the intended movement value. Further to the error
margin; it is caused by the interference that occurs during the signal acquisition. Such
interference includes natural occurring interferences in the surroundings of the sensor such
as white noise or signal from other devices in the vicinity, which are always present when
attempting to acquire signals. Other causes may include sweat, hair and body fat on the
user’s forearms which may distort the signal, once again these are natural occurrences that
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must be considered when acquiring and processing signals. Regarding the error margins
caused by electronic components itself, crosstalk between the surface electrodes also
causes interference in the signal, while other electronic components that receive or emit
signals can add to this interference, such as servos motors. In addition to this, the
amplification of the EMG signals causes small contraction of the muscles to be exaggerated
in the signal data, causing larger signal frequencies to occur than intended. These factors are
common causes of interference which lead to the error margin discussed here.

Figure 59: Code 7

The ‘errorMargin’ value is printed onto the serial monitor and labelled as ‘Error Margin’.
This is done to monitor and analyse the system. These printed values enable the developer
to compare the sensor values and ensure that the correction of the servo is done correctly.

Figure 60: Code 8

This part of the codes investigates whether the ‘errorMargin’ is unequal to 0. If it is unequal
0 then this means that the servo must be corrected, as such the value of ‘correction’ is
written to the servo. Then the updated servo value is read using the ‘read()’ method and
this value is printed to the serial monitor and labelled as ‘Correction’.
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Figure 61: Code 9

Finally, a new line is printed onto the serial monitor so the next set of values can be read
easily and a delay of 1ms is implemented to maintain the stability of the system.
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7. Testing
Testing is a vital part of the project as it influences the next iteration of the project and
determines if and how the design must be changed and determines whether the final
product is successful. These tests will be presented here and discussed. Some aspects may
be mentioned in the previous section due to the nature of the project methodology which is
the spiral method. But here we will discuss the methods used for the test and elaborate on
the results.

7.2. Thalmic Lab Myo Armband
The Thalmic Lab’s Myo Armband was tested as a demonstrator and a first prototype. The
demonstrator was tested using an open source Arduino code which lit up various LEDs
according to a specific gesture recognized by the myo armband. After testing the code for
the first time it resulted in the evaluation that another code by the name of Myoduino had
to be executed as mentioned in the implementation section of this report (Bernhardt,
2015). After successfully implementing the demonstrator the observations on the accuracy
and responsiveness of the myo were made.

Figure 62: Myo armband LED test
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It was observed that the myo was responsive and accurate for most gestures, except
fingersSpread and waveIn these required multiple tries to get the correct gesture
classification. The Myoduino program presented the current gesture but also had a problem
with classifying fingerSpread and waveIn.
The demonstrator showed that the configuration works well with some inconsistency
occurring for some gestures but its capabilities in actuating motors had yet to be proven.
The next step for the myo armband was the implementation of the first prototype. As such a
servo motor had to be integrated into the system in order to investigate how fast and
precisely the myo and servo could communicate.
The results of the prototype which implement the servo and myo armband were positive.
The system was fast and responsive and there was minimal latency, excluding the delay
implemented in the code. The recognition of the gestures was accurate and as expected the
servo did not overload to turn 360 degrees, this was ensured by coding the servo to only
move to 5 degrees and 175 degrees instead of 0 and 180.

Figure 63: Myo armband servo test
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The next step was the addition of a 3D-printed robot finger model from inMoov which
provides open source robot designs (Langevin, No date). A bigger, standard size servo was
now used as this was the only one that was compatible with the robot finger model. As
mentioned before the first servo that was used was faulty, as it continuously disconnected
the Arduino board from the computer. This servo was replaced with a new one which solved
the problem and the system now worked well, it was fast and responsive, and the myo
classification was still accurate. This was expected as the code did not change from the
previous implementation. The robot finger flexed and curled in when the user executed the
‘fist’ gesture, and then relaxed and extended the robot fingers when the user returned to
the ‘rest’ state.

Figure 64: Myo armband robotic finger test

The myo armband works well, yet there are multiple problems that do not make it suitable
for this project. The primary problem is that although the myo armband can recognize
various gestures efficiently it does not indicate about how much the hand is closing or how
much the hand is opening, using the two previously mentioned gestures ‘fist’ and ‘rest’ it
only has two states, and cannot provide any information about data between those states.
In other words, the myo armband provides digital information in this system, yet analogue
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information is required. And although raw data can be acquired using the armband it would
require extensive signal processing and the development of a new classification algorithm.
This makes it unsuitable for this research.

7.1. DFRobot Heart Rate Sensor
These are the tests for DFRobot heart rate sensor which was supposedly able to sense
various bio-potential signals. However, this was not the case and instead the signal data was
disrupted through excessive noise. The electrodes of the sensor were attached to the users’
arm in order to gain the muscle activation levels from opening and closing the hand. The
observation that was made was that the sensor did not react to the moving of the muscles
in the forearm and only provided noisy signals. The graph below shows this.

Figure 65: DFRobot test signal data

This test demonstrated that this sensor was not suitable for this project as it turns out that
the sensor had to be kept away from the muscles and as close to the heart as possible. This
shows that the information provided by the data sheet concerning the capability of the
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sensor to sense various bio-potential signals was not accurate and as such the sensor cannot
be used in this research.

7.3. MyoWare Sensor
The MyoWare sensor was the final sensor tested for this project and its implementations
went hand-in-hand with the testing as each step had to be tested for the next step to be
implemented. Because of this only the major tests of the 3 main configurations will be
discussed here, and the final test of the chosen configuration with the feedback system will
be described and discussed ending with an evaluation of the results. As the test for the
three configurations were initiated, the 3D-printed robotic hand that was designed to be
used for this research, was integrated for these tests instead of the Test Finger design from
inMoov (Dimitrov 2017). The configurations were tested on their responsiveness and most
importantly, their ability to reduce noise and jitter in the servo motor of the robot hand.
7.3.1. Configuration 1: ResponsiveAnalogueRead + Smoothing
The tests showed that this configuration was responsive to the muscle contraction and
relaxation. Each test was attempted without integrating the robot hand in order to observe
and analyse the sensor data, and then attempted with the robot hand integrated to observe
how the robot hand reacts to the sensor data and how the sensor data is affected by the
noise created by the servo.
The values of the MyoWare sensor were printed onto the serial monitor, this showed that
the values were very responsive and a clear minimum and maximum value was observed, in
addition to this the values were accurate and minimal jitter was observed in the data of the
sensor when the robot hand was not integrated into the system. Each test must go through
3 phases: The first phase investigates the system when the hand is at rest, the second phase
is when the muscles are slightly contracted, and the third phase is for full contraction of the
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muscles for the desired gesture which in this case is curling the fingers without making a fist
as the robot hand does not allow the forming of a fist. The images below show these phases
while the signal data is observed. It must be noted that the signal data did not jitter, except
in phase 2 which was to be expected. Yet the jitter was only occasional and once the
muscles got used to the position the jitter stopped.

Figure 66: Three phases of hand movement

The second stage to this test included the integration of the robot hand into the system. The
first and most obvious thing that was observed was the noise in the signal data. The values
jittered extensively, yet the data showed that the signal was still very responsive to the
contraction and relaxing of the muscles. When the muscles were contracted, a general rise
in values was observed with jitter, and when the muscles were relaxed, a general drop in
values was observed also with jitter. But as seen below in figure 32 the hand jittered into
incorrect positions.
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Figure 67: Configuration 1 test

7.3.2. Configuration 2: ResponsiveAnalogueRead + Exponential Filter
This configuration proved to be accurate and nearly eliminate all noise, resulting in jitter
being removed, even when the muscles were slightly contracted in phase 2, showing even
less jitter than the previous configuration in the same situation. However, this combination
was observed to be unresponsive, as a visible latency was present between the contraction
of the muscles and the changing of signal data values.
This latency was also present in the next stage of the test where the robot hand was
integrated. Nevertheless, there was not any jitter observed even after the robot hand with
the servo motor was integrated. This made this configuration favourable over the previous
configuration, as the reduction of noise was more important than the responsiveness at this
point in the research. The reason for this was that, if the robot prosthesis would jitter, it
would cause problems in a real-world situation because it could lead to an object which has
been grasp by the prosthesis to be dropped, resulting in the prosthesis not executing its
purpose and its production rendered useless.
Another observation was made when the robot hand was integrated. It became apparent
that when the muscle was slowly tensed from the ‘open hand’ position to the ‘closed hand’
position in order to observe the movement of the robot hand, the robot hand moved in a
‘stepped’ manner. This means that instead of smoothly moving, the signal values ‘jumped’
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to higher values and made the robot hand ‘jump’ to a certain position. However, this
configuration was still considered more suitable for the research than the previous one.

Figure 68: Configuration 2 test

7.3.3. Configuration 2: ResponsiveAnalogueRead + Smoothing + Exponential Filter
The last configuration showed to produce similar results to the previous configuration, as it
was accurate and almost all jitter was removed, yet the previous configuration was slightly
more efficient in preventing jitter. However, this configuration was slightly more responsive,
yet still less responsive as the first configuration but also had the same problem as the
previous configuration, where the signal data values would ‘jump’ as they increased and
decreased, instead of smoothly changing values.
When comparing the results between this configuration and the previous configuration, a
decision had to be made on whether to proceed with the slightly more responsive
configuration or with the configuration which reduces noise more efficiently. Although this
configuration is very efficient in reducing noise, it does still allow occasional jitter, resulting
in amplification errors in the robot hand. In a real-world situation this may result in unsafe
interaction with objects. Due to this, the combination of ResponsiveAnalogueRead and
Exponential Filter is favoured over this configuration.
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7.4. Feedback System
The feedback system was tested on both configuration 2 and configuration 1. Configuration
2 was chosen to be the best configuration for this research without the feedback system,
but configuration 1 is used to test the efficiency of the feedback system, as this
configuration produced the most amplification errors. If the feedback system works
efficiently on the first configuration, the final product would employ this configuration
together with the feedback system, in order to get the most responsive and amplification
error preventing end-product.
After testing the feedback system on configuration 2, there was not any observable
difference and no error margin was produced so in turn no correction was executed. This
was most probably due to the configuration already removing all amplification errors which
made the use of the feedback system on this configuration redundant yet the
unresponsiveness of configuration 2 did not changed, figure 34 shows the resulting data for
this and shows that configuration 2 still produces digital mannered movement. After this
test it was evaluated that the configuration 2 will not be further used in the tests or
implementation of the product and instead configuration 1 would adapt the feedback
system and be tested.
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Figure 69: Feedback system results with config. 2

After implementing the feedback system to configuration 1, clear differences were
observed. The jitter was removed from the system and the configuration’s responsiveness
was preserved. The robot hand moves smoothly and accurately in parallel to the contraction
and relaxing of the muscles without causing amplification errors. This led to the ability to
precisely control the robot hand producing a natural feeling as it mimicked the intentions of
the user. These were excellent results and the feedback system performed efficiently,
proving its concept and purpose of removing amplification errors within a prosthetic system
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by comparing the intended movement of a user to the actual position of the robot hand and
producing a correction in the movement.

Figure 70: Feedback system test

The same three phases that were used in the previous tests were also used in this test. The
results show that the robot hand moved as intended and no jitter was observed at any of
the 3 phases, not even at phase 2 where most of the jitter was observed in some of the
configurations without the feedback system.
Figure 36 shows the resulting data of the feedback correction. This data shows the
effectiveness of the feedback system correcting the servo position values seen as
‘Correction’. To further explain; we see the first row of results where the intended
movement of the user determined my the MyoWare sensor labelled as ‘Myo’ is 26 degrees,
yet the actual position of of the robot finger aquired by the flex sensor labelled as ‘Flex’ is 5
degrees . This produces the error margin of 21 degrees as this is the difference between
‘Myo’ and ‘Flex’ and this value is added to the ‘Flex’ in order to acquire the the ‘Correction’
value of 26 degrees which is sent to the servo motor to correct the positon of the robot
finger. This method does a simple yet effective job of comparing values and providing the

101 | P a g e

correct values to ensure that the servo motor adapts the intended movement of the user
which are the original EMG values of the MyoWare sensor, so what the feedback system
does is reaffirming the ‘Myo’ values and providing it to the servo, doing so until the robot
finger is in the correct position.

Figure 71: Feedback System result with config. 1

7.5. Evaluation
The previous approaches that did not involve the MyoWare sensor, were unsuccessful in
meeting the requirements for this research, as such only the MyoWare sensor will be
discussed here. The MyoWare sensor is a myo-electric sensor which not only senses muscle
activation muscles but also processes the signal to rectify it. However, noise is still present
in the signal data which needed further signal processing. Three combinations of libraries
and methods were implemented and tested in order to find the most efficient method of
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noise reduction which in turn, decreased the jitter of the servo motor integrated into the
robot hand. These configurations have been presented and explained above. After analysing
the results that these configurations produced, it is apparent that the configuration No.1 is
the most responsive yet caused the most jitter in the robot hand. Configuration No.3 was
better at handling noise and prevented almost all jitter, while still being quite responsive,
but had a problem where the values of the signal data would ‘jump’ as explained in the
above sections. The configuration that produced the most effective noise reduction was
configuration No.2 which was a combination of ResponsiveAnalogueRead and Exponential
Filter. This configuration prevented the jitter of the servo motor and allowed secure
movement of the robot hand. Although it performed well in the noise reduction, it was
unresponsive and like configuration No.2 caused the signal data values to ‘jump’ instead of
smoothly changing as the muscles were contracted. Regardless of these flaws, its efficiency
in the noise reduction and jitter prevention was valued more than responsiveness at this
point of the research. The first configuration was to be tested again after the feedback
system had been implemented to analyse the efficiency of the feedback system.
The feedback system produced excellent results, proving not only to correct the position of
the robot hand but also maintain the responsiveness of configuration 1. All jitter was
removed from the system although configuration 1 produced the most jitter. The robot
hand moved and reacted accurately to the muscle contraction and relaxing. The feedback
system proved to be a valuable addition to a prosthetic system which aimed to produce
precise analogue mannered movement mimicking the user’s intention as without a
feedback system one would have had to compromise on either responsiveness or
prevention of amplification errors.
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8. Thesis Conclusion
This report has presented and discussed the research regarding myo-electric sensor systems
and their application in precise robot control for the use of robotic prostheses, and the
development of a feedback system to support the precise robot control by eliminating jitter
and hardware amplification errors, whilst correcting the position of the robot prosthesis.
The objectives of the research were to implement the above mentioned sensor and
feedback systems, code the artefact in a manner which produced the least latency while
processing the signal, and enabling the robotic prosthesis to move in an analogue manner
rather than a digital manner to create a natural feeling movement which imitates the user’s
intended movement.
Multiple approaches have been investigated to achieve these objectives, these include the
DFRobot heart rate sensor and the Thalmic Lab’s myo armband. The myo armband proved
to be mostly accurate regarding the classification of gestures and allowed the addition of
new gestures. Some gestures such as the spreading of the fingers caused some
inconsistency in the classification and it required multiple tries to identify the gesture.
However, the research investigated the opening and closing of the hand, as such only the
‘fist’ and ‘rest’ gestures were used in the tests. The test showed that the myo armband was
fast and accurate and the servo motor could respond quickly to its classification.
Unfortunately, the myo armband produced movement of digital manner, whereas the
research aimed to develop analogue movement. This could have been achieved by using the
functionality of the myo armband which allowed the reading of raw EMG data, this
however, would have required extensive signal processing. Due to this, the approach of
using the Thalmic Lab’s myo armband was terminated.
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The heart rate sensor proved to be unsuitable for this research as it did not allow the
sensing of the forearm muscles. The signal data contained excessive noise and did not
change nor react to the contraction and relaxing of the muscles. The cause of this problem
was identified to be due to the sensor only being able to sense the heart rate and nothing
else. It was recommended to move the electrodes of the sensors away from muscle mass as
much as possible. Due to this, the approach of using the DFRobot heat sensor was also
terminated.
The last sensor that was investigated is called the MyoWare sensor. This sensor is similar to
the myo armband and senses the muscle activation levels of muscle groups. The myo
armband senses multiple muscle groups, whereas the MyoWare sensor only senses a
designated muscle group, meaning that one sensor could be used, resulting in decreased
crosstalk. In addition to this, the MyoWare sensor can rectify the EMG signal data through
amplification and signal processing and allows raw EMG signals and the processed EMG
signals to be read. Another advantage of this sensor over the myo armband is that it was
cheaper, making it a better candidate for this research.
Although the MyoWare sensor processes the signal, the data still contained noise which
would have led to amplification errors. To tackle this problem, multiple libraries and
methods were used and investigated for their ability to reduce noise, prevent jitter and
preserve responsiveness. Three configurations were implemented, tested and compared in
order to determine which of these fulfilled the requirements. Whilst a servo motor was not
integrated, the three configurations all delivered excellent results, with configuration No.1
being the most responsive. However, this changed when the servo was integrated into the
system, adding noise to the signal data. This resulted in configuration No.1 causing

105 | P a g e

extensive jitter, leading to amplification errors in the robot hand. At this point, configuration
No.2 was observed to be the best performing configuration, as it eliminated all jitter, yet it
was much less responsive than configuration No.1. Nevertheless, the prevention of jitter
was valued more than responsiveness at this point in the research because it enabled safe
interaction with objects, preventing the user from dropping objects due to amplification
errors. This all changed, once the feedback system was developed. When integrating the
feedback system to configuration No.2, it did not change the performance of the system. On
the other hand, after the feedback system was implemented into configuration No.1 which
caused the most jitter, a clear difference was observed. The jitter caused by this
configuration was eliminated by the feedback system and the responsiveness of the
configuration was preserved. These were excellent results as they met all the requirements
of the research objectives, resulting in an efficient closed-loop sensor and feedback system,
which produced the least latency while being responsive to the change in muscle activation
levels, and producing an analogue movement rather than a digital movement in the robot
hand, creating a natural feeling which imitated the intention of user.
To conclude, the research produced the desired results and achieved the aims and
objectives, proving that the proposed feedback system is indeed efficient and useful for the
development of precise robot control, particularly for prostheses. This research can give
users the confidence and comfort of using prostheses, trusting in the prostheses ability to
imitate their intended movement without causing frustrating amplification errors. This may
result in the trust of patients and the general public in the legitimacy of robotic prostheses.
The cost-effectiveness of this research creates the opportunity to develop accessible
prostheses which are affordable yet deliver excellent results.
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9. Future Work
Further to the results of the research, some improvements and additional work can be done
to enhance the quality and functionality of this artefact.
•

The design of a dexterous and anthropomorphic robot arm can enhance the
capability of it when interacting with the real world. As this research was a proof of
concept and only a prototype has been developed, the sensor system was not
integrated into the robotic arm, this must be done with the improvement in design.

•

Furthermore, research into machine learning, gesture classification and object
recognition can result in enhanced control and capabilities of the system, where
object recognition can determine which gesture is necessary to interact with specific
objects and machine learning can classify different gestures for different situations.

•

Another field of research that can be investigated is the signal processing to further
ensure the prevention of amplification errors and aid in the classifying of gestures.

An important factor to the wider success of this research is the involvement of real-world
users or amputees in order to analyse the effectiveness of the technology and to gain and
understanding of the user’s views on robotic prostheses.
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Appendix
Table of Requirements:
Risk
Overheating of components

Impact Level
Moderate

Dry connections

Minor

Cost of resources is to high

Significant

Resources are easily lost due
to small size
The theoretical knowledge
needed to analyse research
and provide prove for the
project validity of purpose, is
lacking

Minor
Moderate

The technical knowledge to Moderate
design, implement and test
the artefact, is lacking which
can lead to hazards for the
artefact and engineer

Difficulty of keeping track of
time and organizing tasks

Moderate

Facilities to design,
implement and research are
closed or are being renovated

Significant
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Prevention
Air-paths in the prosthesis to
cool the entire system.
Prototype of embedded
system will be developed
before final product is
implemented. This allows the
engineer to inspect the
quality of the electronic
components
Through research is made to
determine the cheapest
resources with an acceptable
quality
Suitable containers will be
used to store resources
A research stage is employed
to deal with the gaps of
knowledge. Things that are
still not known while
developing can be learned
using various learning
resources available online
and at the university facilities.
This is also dealt with in the
research stage and
knowledge can be attained
using various resources while
developing. Tests are unique
to the project and decided by
the engineer
A Gantt chart is created to
help the engineer keep track
of time and tasks.
Scheduled usage of facilities
discussed with technicians.
Software needed for the
project is downloaded on
personal computer.
Resources for research is
available online

Students are not permitted to
use selected equipment and
technicians are not available

Significant

Contacting supervisor is
restricted

Moderate

Supervisor is not available

Moderate
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Decide on a schedule with
technicians to work on the
project in the lab while being
supervised
Exchange contact details with
supervisor, including mobile
phone number and email.
Use contact details to
communicate with supervisor
using alternative methods

Gantt Chart:
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Sensor system diagram including feedback system:
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Ethics form
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