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Sara Abbaspour ELECTROMYOGRAM SIGNAL ENHANCEMENT AND UPPER-LIMB MYOELECTRIC PATTERN RECOGNITION

Losing a limb causes difficulties in our daily life. To regain the ability to live an independent life, artificial limbs have been developed. Hand prostheses belong to
a group of artificial limbs that can be controlled by the user through the activity of
the remnant muscles above the amputation. Electromyogram (EMG) is one of the
sources that can be used for control methods for hand prostheses. Surface EMGs
are powerful, non-invasive tools that provide information about neuromuscular
activity of the subjected muscle, which has been essential to its use as a source
of control for prosthetic limbs. However, the complexity of this signal introduces
a big challenge to its applications. EMG pattern recognition to decode different
limb movements is an important advancement regarding the control of powered
prostheses. It has the potential to enable the control of powered prostheses using
the generated EMG by muscular contractions as an input. However, its use has yet
to be transitioned into wide clinical use. Different algorithms have been developed
in state of the art to decode different movements; however, the challenge still lies
in different stages of a successful hand gesture recognition and improvements in
these areas could potentially increase the functionality of powered prostheses. This
thesis firstly focuses on improving the EMG signal’s quality by proposing novel and
advanced filtering techniques. Four efficient approaches (adaptive neuro-fuzzy
inference system-wavelet, artificial neural network-wavelet, adaptive subtraction
and automated independent component analysis-wavelet) are proposed to improve the filtering process of surface EMG signals and effectively eliminate ECG
interferences. Then, the offline performance of different EMG-based recognition
algorithms for classifying different hand movements are evaluated with the aim
of obtaining new myoelectric control configurations that improves the recognition
stage. Afterwards, to gain proper insight on the implementation of myoelectric
pattern recognition, a wide range of myoelectric pattern recognition algorithms
are investigated in real time on 15 healthy volunteers.

Electromyogram Signal Enhancement
and Upper-Limb Myoelectric Pattern
Recognition
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Sammanfattning
Att förlora en extremitet orsakar svårigheter i vår vardag. För att återfå förmågan till
ett självständigt liv har artificiella händer och ben utvecklats. Handproteser kan
kontrolleras av användaren genom aktiviteten hos återstående muskler ovanför
amputationen. Elektromyogram (EMG) är en av de källor som kan användas till
kontrollmetoder för handproteser. Yt-EMG är kraftfulla icke-invasiva verktyg som
ger information om neuromuskulär aktivitet hos en specifik muskel, vilket är
avgörande för dess användning att styra proteser. Komplexiteten hos signalen utgör
dock en stor utmaning. EMG-mönsterigenkänning för att avkoda olika handrörelser är
ett viktigt framsteg när det gäller kontroll av motoriserade proteser. Denna metod har
potential att möjliggöra styrning av proteser genom att använda EMG-signalerna från
muskelkontraktioner som insignal. Denna metod har dock ännu inte fått någon stor
klinisk spridning. Olika algoritmer har utvecklats inom området för att avkoda olika
rörelser; men utmaningen att identifiera olika handrörelser i olika faser kvarstår, och
förbättringar inom dessa områden kan komma att öka funktionaliteten hos
motoriserade proteser. Denna avhandling undersöker flera aspekter kring detta, först
hur kvaliteten hos EMG-signaler kan förbättras genom att nya och avancerade
filtreringstekniker. Fyra effektiva tillvägagångssätt (adaptivt neuro-fuzzy inference
system-wavelet, artificiellt neuralt nätverk-wavelet, adaptiv subtraktion och
automatiserad oberoende komponentanalys-wavelet) presenteras för att förbättra
filtreringsprocessen för yt-EMG-signaler och effektivt eliminera EKG-störningar.
Även offline-prestanda för olika EMG-baserade igenkänningsalgoritmer undersöks,
däribland förmågan att klassificera olika handrörelser med sikte på att erhålla nya
myoelektriska kontrollkonfigurationer som förbättrar igenkänningen. För att
undersöka hur väl de myoelektriska mönsterigenkänningssalgoritmerna fungerar i
verkliga situationer, har ett brett spektrum av myoelektriska algoritmer undersökts i
realtid. 15 friska frivilliga försökspersoner har använt systemet och resultaten tyder
på att linjär diskriminantanalys (LDA) och maximum likelihood-metoden (MLmetoden) är bättre än de andra klassificeringsmetoderna. Realtidsundersökningen
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visar också att förutom LDA och ML-metoden, så är algoritmerna med
flerlagersperception bättre än de övriga algoritmerna då de jämförs med avseende på
klassificeringsnoggrannhet och beräkningshastighet.






Abstract
The electromyogram (EMG) provides information about neuromuscular activity in a
non-invasive way. Therefore, it has been considered as an important and effective
control input for hand prostheses. EMG pattern recognition to decode different limb
movements is an important advance for the control of powered prostheses. However,
its use has yet to be transitioned into wide clinical use. Different algorithms have
been implemented to enhance the functionality and usability of prosthetic hands.
However, the challenge still lies in the preprocessing, feature extraction and
classification phases, which are important stages of successful hand gesture
recognition using surface EMG signals. Various artifacts originated from different
sources inevitably contaminate EMG signals; therefore, the preprocessing stage is
required to remove unwanted interferences. The electrical activity of the heart
muscles is one of the artifacts that interfere with the EMG signals recorded from the
upper trunk muscles, thereby making EMG signals unreliable. Different methods
have been proposed to minimize the extent to which electrocardiogram (ECG)
interferes with surface EMG signals; however, in spite of the numerous attempts to
eliminate or reduce this artifact, the problem of the accurate and effective denoising
of the EMG remains a challenge. To overcome this challenge, four efficient
approaches (combined adaptive neuro-fuzzy inference system and wavelet, combined
artificial neural network and wavelet, adaptive subtraction and automated
independent component analysis-wavelet) were proposed to improve the filtering
process of surface EMG signals and effectively eliminate ECG interferences. Then,
this thesis evaluated the offline performance of different EMG-based recognition
algorithms for classifying individual hand movements. Various combinations of 44
features and six classifiers were investigated, an efficient feature set (FS) was
obtained, and new myoelectric configurations were proposed to improve the motion
recognition accuracy. Overall, an FS/maximum likelihood estimation (MLE)
combination was found to be the most suitable for higher recognition accuracy, and
the mean absolute value/k-nearest neighbor combination for lower processing time.
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Then, to gain proper insight into the clinical implementation of myoelectric pattern
recognition, this thesis investigated the offline and real-time performance of nine
classification algorithms to decode ten individual hand and wrist movements. The
results on 15 healthy volunteers suggested that linear discriminant analysis (LDA)
and MLE significantly (p<0.05) outperformed the other classifiers. The real-time
investigation illustrated that in addition to the LDA and MLE, multilayer perceptron
also outperformed the other algorithms in the classification accuracy and completion
rate.
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Chapter 1

Introduction
Losing a limb causes difficulties in daily life. To regain the ability to live an
independent life, artificial limbs have been developed during the past decades. Hand
prostheses are one of the artificial limbs that can be controlled by the user through the
activity of the remnant muscles above the amputation. The electromyogram (EMG) is
one of the sources that can be used as a control method for a hand prosthesis [1].
Surface EMGs are powerful non-invasive tools [2] that provide information about the
neuromuscular activity of the studied muscle, which is essential to its use as a source
of control for prosthetic limbs. However, the complexity of this signal introduces a
great challenge to its applications [3]. EMG pattern recognition to decode different
limb movements is an important advance for the control of powered prostheses [4, 5].
This approach could potentially enable the control of powered prosthetics using the
EMG generated by muscular contractions as an input [6]. However, its use has yet to
be transitioned into wide clinical practice [4, 5]. The processing stages of EMG
pattern recognition are data collection, preprocessing (that is, filtering and
windowing), feature extraction/selection, classification and evaluation (see Figure
1.1).
EMG Signal
Acquisition

Preprocessing

Feature Extraction

Classification
Class Labels

Figure 1.1: The flowchart of the processing stages of electromyogram pattern
recognition.
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In the first stage (data collection), sensor devices are used to measure the required
data. Challenges are inevitable in the data collection stage, especially when they are
measured on the human body. First, the experimental design needs to be determined
(what type of data, which area or body part to be measured, which sensor device and
processing techniques to be used, etc.). After making decisions on all these aspects of
the experimental design, it might be necessary to replace some of them with other
choices. Then, it is time to write the ethical vetting application to get permission to
record data from humans’ bodies. Writing this application requires a solid
understanding of the study (the big picture of the whole study). After the application
is approved, one is able to proceed with the recording stage. After finding a suitable
place/room that can be used for the recording purposes (quiet, less distracting for both
the subject and the data) and preparing everything that is necessary for the recording
process, it is time to look for volunteers. Then, the experiment is performed. During
the performance of the experiments, several unexpected events might happen (the
device simply might not work or stop in the middle of recording, an unexpected result
may be obtained because of problems with the software, there is noise despite
filtering the signal, etc.). After the data are collected, it is subjected to the
preprocessing stage.

1.1 Preprocessing
The preprocessing stage is required to remove unwanted interferences from the
recorded signals [4]. When surface EMG signals are recorded, noise is often captured
from different sources such as inherent noise in the electronic components, power line
interference, motion artifacts, and the inherent instability of signals and especially
biological signals [7]. Electrical interferences produced by the heart
(electrocardiogram (ECG)) significantly affect the EMG signal recorded from the
upper trunk muscles and make its analysis and quantification unreliable [8] (see
Figure 1.2). Where the quality of the EMG signal is of interest, it is essential to
remove the ECG interferences from the EMG signals. However, this removal of the
ECG interferences from the EMG signals is challenging because their frequency
spectra considerably overlap. The frequency range of the surface EMG signals is
between 0 Hz and 400 Hz, depending on the amount of fatty tissue and the muscle
type [9]. The frequency range of the ECG signals is between 0 Hz and 200 Hz, and
the highest power occurs at frequencies less than 45 Hz [9].
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Figure 1.2: a) Surface electromyogram recorded from biceps muscle of the right side
during regular muscle contraction and relaxation, b) EMG contaminated by ECG
interference, obtained by adding ECG interference to the EMG shown in (a).
Few studies have performed direct comparisons between different methods for a
given data set. Difficulties in comparison between studies arise due to the different
signals, electrodes and recording techniques. Understanding the impact of filtering
methods on the amplitude and frequency parameters of the desired signal is vital
given the widespread use of EMGs. To achieve this understanding, the techniques
that are employed must be assessed for efficacy and possible outcomes detrimental to
the measurement of the EMG data. Hence, our objective in this thesis was to evaluate
commonly used methods and propose suitable approaches to improve this process.

1.2 Feature Extraction and Classification
After the preprocessing stage is done, pattern recognition takes advantage of the
feature extraction to extract maximal information from the recorded EMG about the
performed motions [6]. Different features in the time domain (TD) [4], frequency
domain (FD) and time-frequency domain (TFD) [10] are used to characterize EMG
signals with discrete values. TD features are statistical properties of EMG signals in
the time domain. They have a lower processing time and small dimensions and are
easy to implement compared to features in other domains. FD features are usually
statistical properties of the power spectral density (PSD) of the EMG signal [11].
These features have been used in few studies on movement pattern recognition [1214]; features in this domain are mostly used to assess muscle fatigue and analyze
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motor unit recruitment [10]. TD and FD features are suitable for analyzing stationary
signals. However, EMG signals are nonstationary and therefore features in the TFD
have been introduced [15]. Features in the TFD are obtained after applying wavelet
transforms (WT) to EMG signals. If the selected feature set occupies a highdimensional space, a dimensionality reduction method is used to decrease the
dimensionality of the feature space [16]. The extracted features from the EMG signals
are fed to a classifier to decode different patterns.
Different algorithms have been developed to decode different movements. Often,
these algorithms provide high offline classification accuracies in decoding various
motions. Since offline analysis is easier to perform and no active subjects are needed
for the trial, it is the first step in evaluating pattern recognition algorithms. Offline
analysis removes a great amount of variability from the recordings, which helps
maintain consistency between experiments but also reduces how well the results
mirror the performance in real life. As the relative performance of the classifiers is
not maintained between offline and real-time analyses, optimal feature extraction and
robust classification continue to be open challenges, and improvements in these areas
could potentially increase the functionality of powered prostheses. To address this
challenge, this thesis investigated the offline performance of a wide range of pattern
recognition algorithms. New myoelectric control configurations were obtained to
improve motion recognition based on several evaluation criteria. Since the majority
of investigations on the state of the art have been conducted offline, and minimal
experience has been gained with real-time use in clinical settings, a comparative realtime performance analysis between algorithms had yet to be performed. To this
purpose, this thesis investigated the offline and real-time performance of
classification algorithms in decoding individual hand and wrist movements.

1.3 Thesis overview
This thesis consists of two parts:
The thesis begins with an introduction in Chapter 1; Chapter 2 introduces related
work in the research area. Chapter 3 presents a research overview consisting of the
research goals and research questions followed by corresponding research
contributions. Chapter 4 describes the research methodology. Chapter 5 summarizes
and discusses the results. Chapter 6 draws conclusions from the results, and finally,
Chapter 7 provides suggestions for future work.
The second part of the thesis presents a collection of six research papers.








Chapter 2

Related Work
This chapter provides the required background information and related work, both to
point out the many contributions of previous researchers and to place our
contributions in the proper context.

2.1

Removing ECG Interference

The choice of an efficient method for removing artifacts from biomedical signals is
crucial in achieving reliable signal processing. ECG artifact removal from EMG
signals has been performed using techniques such as a high-pass filter (HPF) [17],
gating [18], spike clipping [19], a hybrid approach [20], the subtraction method [21],
independent component analysis (ICA) [7, 22-24], wavelet transforms [25-27],
wavelet-ICA [28], artificial neural networks (ANNs) [29, 30], an adaptive noise
canceller (ANC) [30-33] and an adaptive neuro-fuzzy inference system (ANFIS) [3437]. The conventional high-pass filter is a simple and fast method, but it is not
suitable for more complex applications such as prosthetic control since it removes a
large amount of useful information from the EMG signals [30]. In template
subtraction, the efficacy relies on the accuracy of QRS complex detection and the
stationarity of the ECG signals [30]. The gating method is perhaps the most
frequently used technique for ECG removal, which, although simple, suffers from the
loss of portions of the EMG signal overlying the QRS complexes [18]. An ANC has
been used to reduce the ECG artifacts [18], but due to the heavy computational cost,
it is not suitable for clinical applications [25]. The wavelet transform is an online
method with a low computation cost that does not require multiple inputs. However,
using this method, some artifacts remain in the original signal, and part of the desired
signal is removed [38]. The ICA method is an online method that operates on a
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multichannel signal that adds to the complexity of the hardware [39]. Although
different techniques have been proposed in the state of the art to remove ECG
artifacts from EMG signals, the problem of the accurate and effective denoising of an
EMG remains a challenge. Among all the proposed methods in the literature, ANN
and ANFIS have shown the best performance, but the results of these methods could
be improved when used in combination with other techniques for specific
applications. Table 5.2 provides extensive information on the advantages and
disadvantages of the filtering methods.

2.2

Offline Pattern Recognition

Various algorithms have been proposed to enhance the functionality and usability of
prosthetic hands [40] based on feature extraction and motion classification methods
[41]. Englehart et al. [3] extracted features in both the time and time-frequency
domains. Linear discriminant analysis (LDA) and multilayer perceptron (MLP) were
used as classifiers to decode four classes of movements using two channels of surface
EMG signals. Accuracy rates up to 93.7% were achieved. Phinyomark et al.
evaluated the performance of an LDA classifier in combination with 37 features in
the time and frequency domains to discriminate six hand gestures using five channels
of surface EMG signals. They obtained classification accuracies up to 92.1% [14].
Oskoei et al. [42] evaluated the performance of ANN and LDA classifiers in
combination with different feature sets including a set of TD features introduced by
Hudgins et al. [43] (mean absolute value [MAV], zero crossings [ZC], slope sign
changes [SSC], and waveform length [WL]) to discriminate six classes of
movements. They obtained the lowest classification error of 1.88% (accuracy of
98.1%). Hargrove et al. [44] compared the classification accuracy of ANN and LDA
classifiers in combination with four different feature sets – the Hudgins TD feature
set, the autoregressive (AR) model, combined TD and AR (TDAR), and root mean
square (RMS) – to discriminate 10 different classes of isometric contraction. The
results on 12 healthy subjects revealed that the TDAR/LDA combination had the best
performance, with an accuracy up to 97%. Phinyomark and Scheme [45] investigated
the performance of a support vector machine (SVM) classifier in combination with
several individual features and feature sets to discriminate several hand gestures using
EMG signals obtained from different datasets, with classification accuracies up to
95%. Al-Taee and Al-Jumaily [46] proposed a set of features to decode ten individual
and combined finger movements in combination with a sequential forward searching
classifier. Two-channel surface EMG signals recorded from eight subjects were used,
and they achieved an average accuracy rate of 99.1%. They also performed a
comparison between their proposed feature set and other well-known feature sets,
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including the Hudgins set. Table 2.1 summarizes the obtained offline classification
accuracies in the state of the art. Although these offline studies have shown that the
accurate decoding of gestures from electrodes placed on the forearm can be achieved,
optimal feature extraction and robust classification continue to be open challenges.
Furthermore, due to the variations in the methodologies used to evaluate the
algorithms, it is difficult to compare their results. Only a few studies have
quantitatively evaluated the performance of a wide range of classifiers and features to
discriminate hand and finger movements using the same database and methodology
[11, 14, 41, 42, 44].
Table 2.1: Selected examples of offline classification accuracies achieved from the
state of the art.
Authors

2.3

Classification accuracy (%)

Reference

Englehart et al.

93.7

[3]

Phinyomark et al.

92.1

[14]

Oskoei et al.

98.1

[42]

Hargrove et al.

97.0

[44]

Phinyomark and Scheme

95.0

[45]

Al-Taee and Al-Jumaily

99.1

[46]

Real-Time Pattern Recognition

Since most investigations have been performed offline, the questions of real-time
control and its accuracy have been left open [47]. A limited number of studies have
been performed to investigate the real-time performance of pattern recognition
algorithms. Guo et al. [41] performed a real-time survey on seven healthy subjects to
compare the ANN and SVM classifiers in combination with four features. Their
experimental results on six channels of surface EMG signals showed that SVM
performed better than LDA in real time, with an average accuracy of 85.9%. Wang et
al. [48] investigated the offline performance of SVM and naive Bayes classifiers in
combination with eight time-domain features to decode eight finger movements using
five channels of surface EMG. Based on the results, six features and one classifier
(SVM) were chosen for real-time tests on four healthy subjects. Real-time accuracies
between 90-100% were achieved when the subjects were presented with visual
feedback. Sebelius et al. [49] conducted a six-subject study to investigate the effect of
training subjects on the acquired accuracy using a virtual hand for feedback. They
employed local approximation using a lazy learning algorithm to classify muscle
patterns of ten wrist/finger movements using eight channels of surface EMG. Ortiz-



8

Chapter 2. Related Work

Catalan et al. [50] compared the offline and real-time performances of LDA, MLP
and regulatory feedback network (RFN) classifiers in combination with the Hudgins
set of time domain features to decode 10 classes of individual motions. The highest
offline classification accuracy, with an average of 92.1%, was achieved by LDA, and
RFN achieved the highest real-time classification accuracy, with an average of
67.4%. Ortiz-Catalan et al. [51], in another study, evaluated the offline performance
of four different classification algorithms (LDA, MLP, self-organized map and RFN)
in combination with the Hudgins set of TD features to decode individual and
simultaneous movements (a total of 27 movements) using eight channels of forearm
surface EMG signals. MLP was chosen for the real-time test on 10 healthy subjects,
and average accuracies of 54.9% and 54.8% were obtained for individual and
simultaneous movements, respectively. Table 2.2 summarizes the real-time
classification accuracies obtained using different methods. These studies illustrate
that the offline accuracy can be a misleading metric to evaluate the usability of
decoding algorithms for real-time applications [51]. Since a good offline accuracy
does not guarantee good online results and the results obtained from offline pattern
recognition might only satisfy the researcher and not the clinicians, further
investigation is required to corroborate the translation of these findings to real-time
performance [52].
Table 2.2: Selected examples of real-time classification accuracies achieved from the
state of the art.
Authors

Classification accuracy (%)

Reference

85.9

[41]

90-100

[48]

Ortiz-Catalan et al.

67.4

[50]

Ortiz-Catalan et al.

54.9

[51]

Ortiz-Catalan et al.

54.8

[51]

Guo et al.
Wang et al.






Chapter 3

Research Overview
An overview of the doctoral thesis is provided in this chapter. First, the research goals
and research questions of this thesis are presented. Then, a summary of the scientific
contributions are provided.

3.1 Research Goals and Research Questions
Accuracy in recognizing different movements and a low response time are crucial for
a successful real-time surface EMG-based control system [53]. In addition to the
choice of feature extraction and classification methods, the quality of the surface
EMG signal is an important factor that affects the classification accuracy. Therefore,
the research goals (RGs) of this thesis are:
RG1: Enhancing the filtering process of surface EMG signals in removing ECG
interference by
•

Combining some existing methods

•

Converting conventional methods to online and automatic approaches

with the aim of improving the EMG signal quality based on several quantitative and
qualitative criteria.
RG2: Investigating both the offline and real-time performance of myoelectric pattern
recognition algorithms to
•

Determine new configurations that improve the accuracy of hand gesture
recognition with surface EMG signals
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•

Gain proper insight into the clinical implementation of myoelectric pattern
recognition

This will lead to the development of an accurate surface EMG-based sensing system
and the reduction of recognition error in controlling prosthetic hands.
During the development and investigation process, some research questions (RQs) are
expected to be answered.
RQ1: How can different strategies be applied to enhance the filtering process of
surface EMG signals in removing ECG interference?
a) What combination of filtering methods could improve the results based on
quantitative and qualitative criteria?
b) How can a template subtraction method be converted to an online method?
c) How can a user-dependent wavelet-ICA be converted to an automatic
method?
RQ2: Which configurations of myoelectric pattern recognition could improve the
offline performance of hand gesture recognition (based on the obtained accuracy rate
and processing time)?
RQ3: How accurate could myoelectric pattern recognition algorithms perform in real
time compared to offline?
a) Which algorithms are potentially optimal for real-time prosthetic control?
b) Which hand movements could be recognized most accurately in offline and in
real time?

3.2 Scientific Contributions
The scientific contributions of the thesis, which address the formulated research
questions, are presented in this section. The contributions are organized in five parts.
In the first part, I propose combined approaches to improve the performance of
several filtering methods in removing ECG interference from surface EMG signals.
To evaluate and compare the performance of our proposed techniques with that of the
existing methods, in addition to the implementation of the proposed techniques, I also
implement several conventional filtering methods. Furthermore, I record EMG and
ECG signals from several healthy volunteers. In the second part, I introduce an online
technique to enhance the filtering process of surface EMG signals in removing ECG
interference. In the third part, I develop an automated approach to improve the ECG
interference removal process from surface EMG signals. In the fourth part, I identify
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an efficient feature set and new configurations of myoelectric pattern recognition to
improve the hand motion recognition accuracy. Finally, in the fifth part, I evaluate the
real-time and offline performance of recognition algorithms for classifying individual
hand movements by recording EMG signals from 15 healthy subjects (12 trials per
subject) for the offline and real-time evaluations. Table 3.1 summarizes the
contributions of this doctoral thesis, connecting the research questions to the included
papers.
Table 3.1: Summarizing the contributions of this doctoral thesis, connecting the
research questions to the included papers.
Papers

RQ1

Paper A

Contribution 1: proposing
combined approaches

Paper B

Contribution 1: proposing
combined approaches

Paper C

Contribution 1: proposing
combined approaches,
Contribution 2:
introducing an online
technique

Paper D

Contribution 1: proposing
combined approaches,
Contribution 3:
developing an automated
approach

Paper E

RQ2

RQ3

Contribution 4: identifying an
efficient feature set and new
configurations of myoelectric pattern
recognition
Contribution 5: evaluating
real-time and offline
performance of recognition
algorithms

Paper F

Contributions 1: Combined Approaches
Two combined filtering approaches, ANFIS-wavelet and ANN-wavelet, were
proposed to improve the quality of surface EMG signals based on several quantitative
and qualitative criteria. In these approaches, ANFIS/ANN was first employed to
remove ECG interference from contaminated EMG signals. In this step, a large
amount of pollution was removed; however, the result showed that there are still lowfrequency noise components in the denoised EMG signal. A wavelet transform with
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nonlinear thresholding was proposed as a postprocessor to remove the residual noise
from the output of the ANFIS/ANN method. In addition to the abovementioned
techniques, an adaptive subtraction in combination with a low-pass filter was
proposed. The low-pass filter was used to remove noise from the obtained ECG
templates. An automated wavelet-ICA, which is a combination of three different
techniques (wavelet transform, ICA and an HPF), was proposed to remove ECG
interference from automatically detected noisy components. To compare the results
and show the effectiveness of our proposed technique, in addition to our proposed
approaches, I implemented eleven commonly used methods, recorded the required
signals (e.g., EMG, ECG) from several healthy volunteers.
Targeting research question: RQ1 (a, b, and c)
Included papers: Papers A, B, C and D
Contributions 2: Online Approach
The subtraction method is one of the filtering techniques that is used to remove ECGs
from EMGs. This method achieved very good performance in improving the quality
of EMGs; however, it is not suitable for online applications. Therefore, an approach
named adaptive subtraction was proposed to convert the template subtraction to an
online technique. This method contains four steps; (1) QRS detection in the
contaminated EMG signals, (2) formation of an ECG template by averaging the
detected electrocardiogram complexes, (3) using a low-pass filter to remove noise
from the obtained ECG template, and (4) subtracting the ECG template from the
contaminated EMG signal where the QRS complexes are detected. The proposed
technique is an online method that is somewhat effective in removing ECG artifacts.
Targeting research question: RQ1 b
Included papers: Paper C
Contributions 3: Automated Approach
An automated wavelet-ICA was proposed to convert the user-dependent wavelet-ICA
to an automatic method with a better result based on its qualitative and quantitative
criteria. In conventional ICA-based methods, after creating the ICA components,
independent components are classified manually as the EMG signal or ECG
interference. In this proposed technique, an automated algorithm was used to detect
the ECG interference components automatically. Each channel of independent
components was evaluated separately, and the components with ECG interference
were selected automatically. After finding the noisy component in ICA-based
methods, the noisy component is usually set to zero. This procedure removes useful
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information from the reconstructed signal. Therefore, a high-pass filter with a cutoff
frequency of 20 Hz was used to remove ECG interference from the selected noisy
component. Finally, inverse ICA and then an inverse wavelet transform were applied
to reconstruct the denoised EMG signal.
Targeting research question: RQ1 c
Included papers: Paper D
Contributions 4: New Configurations of Myoelectric Pattern Recognition
In this thesis, I quantitatively evaluated the performance of a wide range of classifiers
and features to discriminate hand and finger movements using the same database and
methodology to avoid a lot of variability in the recordings and maintain consistency
between experiments so that it is possible to compare the results of different
algorithms. Various combinations of 44 different features in different domains (time,
frequency, and time-frequency) and six classifiers were investigated offline to
determine new myoelectric control configurations that improve the classification
accuracy of motion recognition with surface EMG signals. Some of the features are
commonly used in this area (and were chosen by extensively reviewing the literature),
and some of them are new (and I would like to present their results). Among the
classifiers, LDA, MLP, K-nearest neighborhood (KNN) and SVM were chosen by
reviewing the state of the art; however, there has not been enough investigation on the
performance of maximum likelihood estimation (MLE) and regression trees
(RegTree) for hand gesture recognition, although they have been extensively used in
different areas such as gait measurement and speech recognition. As a result, an
efficient feature set and several myoelectric control configurations were proposed to
reduce the recognition error in controlling prosthetic hands.
Targeting research question: RQ2
Included papers: Paper E
Contributions 5: Real-time and Offline Evaluation of Recognition Algorithms
The real-time and offline performance of nine classification algorithms in detecting
ten individual hand movements were investigated using four channels of surface
EMG signals. Some of the investigated algorithms were commonly used in the
literature, and some were based on relatively new paradigms in pattern recognition,
which were chosen by intensively reviewing the state of the art. The classification
accuracy and processing time were used as the evaluation criteria to compare the
experimental results in offline and in real time. To conduct this study, I made some
modifications and implemented some additional algorithms (i.e., KNN, RegTree,
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MLE) to BioPatRec, which is a modular platform implemented in MATLAB [50]. I
recorded EMG signals from 15 healthy volunteers while performing ten individual
hand movements. In total, each subject performed 12 trials (two for training the
subjects (offline and real time), one for the offline training/testing of the classifiers
and nine for the real-time testing) to evaluate the nine classification algorithms.
Targeting research question: RQ3
Included papers: Paper F






Chapter 4

Methodology
The research process during this doctoral thesis started with defining several
challenges in the field. To understand the research challenges, required information
was collected from the related work. Then, several research questions were
formulated. To answer the established research questions, the research work was
started by collecting and analyzing data using existing methods in the state of the art.
The obtained result was analyzed and evaluated using several quantitative and
qualitative criteria. The research process was continued by setting up our research
design in collecting and analyzing data and interpreting results. Since research is an
iterative process, I went through all these steps several times. The research questions
were updated, and new approaches were investigated to address the research goals
presented in Chapter 3. This chapter provides detailed information about data
collection, the employed and proposed methods in this study and the evaluation
criteria.

4.1 Filtering Techniques for Removing ECG Interference
4.1.1 Data Acquisition
In this project, I recorded raw EMG signals (signals without ECG interference) from
the biceps and deltoid muscles of the right side of several healthy volunteers. In total,
ten channels of surface EMG signals were obtained. The reason for choosing these
muscles was the hand prosthesis control applications. While recording the EMG
signals, the subjects were asked to activate the subjected muscles. Two channels of
ECG interference were also recorded from the pectoralis major muscles of the left
side. The ECG interferences were added to the raw EMGs to create the contaminated



16

Chapter 4. Methodology

EMG signals. To be able to use some of the artifact removal methods, such as ANC,
ANN and ANFIS, it was necessary to record a one-channel ECG signal as the
reference input to the abovementioned methods. Therefore, the ECG signal was
recorded from V5 area. While recording the ECG and ECG interferences, the subjects
were asked to lay in a completely relaxed position. To record the ECG and EMG
signals, a Powerlab/16SP device was used. The raw EMG signals were bandpass
filtered from 0.3 to 500 Hz with an analogue filter to reduce the effects of highfrequency noise and avoid aliasing problems. A notch filter (centered at 50 Hz) was
also used to remove power line interference from the EMG signals. The signals were
recorded with a sampling frequency of 2000 Hz. To remove undesirable motion
artifacts, the raw EMG signal was high-pass filtered with a cutoff frequency of 5 Hz,
and the direct current (DC) value was removed from the ECG signal and the ECG
artifact.
To obtain a quantitative evaluation of the methods, it is necessary that in addition to
the contaminated EMG, a corresponding raw EMG signal is also available. Therefore,
as is presented in Figure 4.1, the contaminated EMG signal was achieved by
multiplying the ECG artifacts (recorded from the pectoralis major muscle of the left
side) by a factor (C=0.65) and adding it to the raw (clean) EMG signals (recorded
from the biceps and deltoid muscles of the right side).
ECG artifact
Clean EMG











Contaminated EMG

Figure 4.1: The model to achieve the contaminated EMG signals.
The signal-to-noise ratio (SNR) value of the contaminated EMG signals was
considered zero (dB). Considering this initial SNR value helps us to determine how
different methods change the desired signal. This model was applied to all signals
recorded from five healthy subjects to achieve ten channels of contaminated EMG
signals, and finally a 60-second segment of signals was selected from each channel to
be processed.

4.1.2 Conventional Filtering Techniques
To investigate the effectiveness of ECG artifact removal methods, different currently
used techniques such as HPF, spike clipping, gating, a hybrid technique, template
subtraction, ICA, wavelet transform, wavelet-ICA, ANN, ANC and ANFIS were
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evaluated for ECG removal from EMG signals. For a better understanding of the
artifact removal methods, a short description of each method is presented below.
4.1.2.1 High-pass Filter
A finite impulse response (FIR) high-pass filter with a Hamming window
(length=100), and different cutoff frequencies of 10, 20, 30 and 60 Hz was
implemented to remove ECG artifacts from EMG signals [17, 28, 54]. The result with
a cutoff frequency of 30 Hz was better than that with the other cutoff frequencies. A
large amount of noise remained in the denoised signal when using cutoff frequencies
of 10 and 20 Hz, but when a cutoff frequency of 50 Hz was used, a large amount of
useful signal was removed.
4.1.2.2 Spike Clipping
As is presented in equation (1), spike clipping relies on a threshold level (). If the
amplitude of the recorded signal ( ) exceeds this value, the signal is limited in
amplitude at this level.   is the denoised signal.
  

      
    

(1)

4.1.2.3 Gating Method
The gating method is very similar to the clipping technique, as it requires a threshold
to be determined [19]. In this method, if the amplitude of the recorded signal (  )
exceeds this value, the signal is clamped to zero (equation (2)). The performance of
this method depends on the thresholding process.
  

      

    

(2)

4.1.2.4 Hybrid Technique
A hybrid technique was employed to remove ECG artifacts from EMG signals [20].
As is presented in Figure 4.2, it combines a spike-clipping algorithm and an HPF. In
this approach, the spike-clipping algorithm is based on an adaptive thresholding. The
threshold depends on the amplitude of the previous samples and a gain determined by
the user. In each iteration of the spike-clipping algorithm, an averaged rectified value
(ARV) of the contaminated signal is calculated in a window of N duration. Then, a
threshold is set as a gain of the ARV. If any spike is greater than the threshold, it is
clipped and set to the cutoff level. The EMG signal in the output of the spike-clipping
technique is sent to a fourth-order Butterworth HPF with a cutoff frequency of 30 H.
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The evaluation of the spike-clipping algorithm in each iteration requires a high
computation time, which is one of the drawbacks of this method.
Contaminated
EMG

Adaptive spike
clipping

High pass filter

Denoised
EMG

Figure 4.2: The structure of the hybrid technique.
4.1.2.5 Template Subtraction
The template subtraction approach consists of two stages: the first stage involves
creating an ECG template, and the second stage involves subtracting the created
template from the contaminated EMG signal. In the first stage, the accurate detection
of the ECG beats from the EMG signal is performed based on the R wave detection
algorithm [55-57]. After detecting the R waves, a frame of some samples around this
peak is selected for accommodating one QRS complex in each frame. Using the mean
of the selected QRS complexes, the ECG template is obtained. In the second stage, a
denoised EMG signal is obtained by subtracting the ECG template from the
contaminated EMG, where the QRS complex has been manifested by the R peak
detection algorithm [21, 28, 54].
4.1.2.6 Independent Component Analysis
Independent component analysis extracts statistically independent components from a
set of measured signals [6]. This method finds a linear representation of nonGaussian data. When n linear mixtures       of m independent components
      are observed, ICA can be used to estimate  the mixing matrix,
based on the information of their independence, which allows us to separate the
original source signals from their mixtures. To use the ICA method, the model in
equation (3) is considered:
  

(3)

where  is a linear mixture,  is an independent source signal and  is a full-rank
mixing matrix. After finding the noisy component in ICA-based methods, the noisy
component is usually set to zero [58]. This procedure removes useful information
from the reconstructed signal. Therefore, it is preferred to use an HPF to remove ECG
artifacts from the selected component [7]. Finally, inverse ICA is applied to
reconstruct the denoised EMG signal.
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Some fundamental assumptions of ICA are (1) the number of mixtures  is greater
than or equal to the number of independent sources . (2) The mixtures are linear
combinations of the sources, and there is no delay or external noise included. (3) The
sources are stationary and are not moving during the recording process [22]. ICA has
three shortcomings: (1) amplitude ambiguity, (2) source ambiguity and (3) the need
for the number of recordings to be equal to or greater than the number of sources
[22].
4.1.2.7 Wavelet Transform
Wavelet transform is a time-frequency representation of a signal that has been
introduced to overcome the limitations in time and frequency resolutions of the
classical Fourier transform. Instead of using a sine wave, which is the basic function
for the Fourier transform, a basic waveform () is used, which can be modified to
basic functions ( ) in equation (4), obtained from dilations and shifts of the basic
waveform [38, 59].  is a scaling parameter, and  represents a translation parameter
[38].
        













(4)

The wavelet decomposes a signal into different frequency components and studies
each component with a resolution matched to its scale [60]. This property can be used
for denoising purposes [38]. The performance of the wavelet transform depends on
the type of wavelet transform, type of wavelet thresholding rule and number of
decomposition levels. In the denoising process, the corrupted EMG signal is first
decomposed by a wavelet transform to create a wavelet decomposition of the raw
signal representing different frequency components of the signal [25, 38]. The
wavelet coefficients in the low-frequency scales then underwent a nonlinear
thresholding process, where the absolute value of the coefficients greater than the
threshold is set to zero. The inverse wavelet transform is then implemented using the
new coefficients to obtain the denoised EMG signal [25, 38].
4.1.2.8 Combined Wavelet and ICA
A new approach for an artifact removal process is to use single-channel ICA [61].
Empirical mode decomposition (EMD) and the wavelet transform are approaches that
could enable the ICA method to be used in a single-channel analysis. The combined
wavelet-ICA method could successfully remove the ECG artifacts [28]. However,
EMD has a high computational cost, which is one of the drawbacks of this method
[39]. The idea behind the combined wavelet transform and ICA method is to
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decompose single-channel data into different components using the wavelet transform
before applying the ICA technique. As is presented in Figure 4.3, in this method, a
discrete wavelet transform is applied to a single-channel recording to create a wavelet
decomposition of the raw signal. After calculating the wavelet coefficients, ICA is
used to extract independent components from the multidimensional data produced by
the wavelet transform. After finding the noisy component manually, the noisy
component is set to zero [58].


Detecting noisy
component
manually



ICA



Wavelet
Transform



Single Channel
EMG signal

Zero

Inverse
Wavelet
and ICA
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Figure 4.3: The flowchart of the wavelet-ICA method.
4.1.2.9 Adaptive Noise Canceller
An adaptive noise canceller with recursive least squares (RLS) algorithm was used to
adjust the amplitude and phase of the reference signal against the artifact signal and
subtract it from the primary EMG signal [62-64]. Unlike the conventional bandpass
filter, which fixes filter weights, the adaptive filter has adjustable weights ( in
Figure 4.4) that are iteratively updated based on the characteristics of two input
signals (the contaminated EMG and the reference ECG) [31].
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Figure 4.4: The structure of the adaptive noise canceller.
In separating the EMG signal from the ECG artifact using an ANC, the contaminated
EMG signal and ECG are the primary input and reference input, respectively. The
structure of the adaptive filter is presented in Figure 4.4, where   is one sample
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delay,  is a time instant,  is the input to the ANC (contaminated EMG),  is
the reference input,  is estimated noise that can be calculated using equation (5)
and  is the denoised EMG signal obtained from equation (6).
  


 

     

(5)

        
4.1.2.10

(6)

Artificial Neural Network

An artificial neural network with a back propagation network (BPN), which belongs
to the category of nonlinear adaptive systems, has been proposed to estimate an
unknown interference present in an EMG signal [29] (see Figure 4.5). A BPN is a
feed forward, multilayer network that uses the supervised mode of learning. It uses a
gradient descent algorithm to minimize the interference. The BPN architecture
consists of an input layer, hidden layers, and output layer. The numbers of hidden
layers and neurons in each layer depends on the application of the BPN [29].
Contaminated
EMG
ECG

ANN

D

Noise Estimated
+

Denoised EMG

Figure 4.5: Flowchart of the processing stages of removing ECG interferences from
an EMG using an ANN.
To implement the BPN, the following steps are used: Specifying (1) the inputs and
targets to the BPN, (2) the minimum and maximum values of the input ranges, (3) the
number of layers and the number of units in each layer, (4) the activation functions
for each layer, and (5) the training parameters such as the learning rate, momentum,
performance goal, and number of epochs; (6) Creating a feed-forward back
propagation network model by using the command called NEWFF; (7) simulating the
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network for plotting the network output; (8) training the network using the training
function called TRAINLM; and (9) giving the conditions to stop training the network
(the maximum number of epochs is reached or the maximum amount of time has
been exceeded, etc.) [29].
4.1.2.11

Adaptive Neuro-Fuzzy Inference System

Adaptive noise cancellation using a linear filter was used successfully to remove
ECG interference. However, it is clear that the idea of linear adaptive noise
cancellation can be extended to nonlinear forms using nonlinear adaptive systems
[26]. One of these nonlinear systems is ANFIS, which has been used to estimate noise
[29, 35]. ANFIS is a network that combines the advantages of a neural network and a
fuzzy system [65]. The general structure of ANFIS is with two inputs, one output and
five hidden layers [35]. The first layer acts as a fuzzifier, the second layer represents
the fuzzy rules, the third layer is used for the normalization of the membership
functions, the fourth layer is used to identify effective parameters, and the fifth layer
computes the output of the fuzzy system (defuzzification process) [49]. In this
method, the noisy signal is applied as a target. An ECG signal and a delayed ECG
signal are applied as inputs to the ANFIS. Collecting data (the ECG signal and the
ECG artifact) from different sources causes a delay between recorded signals [28];
hence, to improve the noise estimation process, the delayed ECG signal is used as one
of inputs to the ANFIS.

4.1.3 Proposed Novel Filtering Techniques
After evaluating the aforementioned methods using quantitative and qualitative
criteria such as the SNR, relative error (RE), correlation coefficients (CC), elapsed
time (ET) and PSD, new techniques (ANN-wavelet, ANFIS-wavelet, adaptive
subtraction and automated wavelet-ICA) have been proposed to improve the ECG
artifact removal process. These techniques are presented in papers A, B, C and D.
4.1.3.1 ANFIS-Wavelet (Paper A)
In the first step, a contaminated EMG and ECG signal were used as the input and the
reference to the ANFIS, respectively, to remove ECG interference from the EMG
signal. It was observed that low-frequency noise remained in the denoised signal.
Since the wavelet transforms a signal into different frequency bands using different
high-pass and low-pass filters, this feature of the wavelet transform was employed to
find the low-frequency noise in the denoised EMG and remove it using a nonlinear
thresholding approach.
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4.1.3.2 ANN-Wavelet (Paper B)
The procedure here is the same as ANFIS-wavelet, but instead of ANFIS, ANN was
first employed for removing the ECG artifact from the contaminated EMG signal. In
this step, a large amount of pollution was removed; however, the result shows that
there are still low-frequency noise components in the denoised EMG signal. A
wavelet transform with nonlinear thresholding was used to remove the residual noise
from the output of the ANN method. Using this method, the low-frequency
components (noise) remaining at the output of the neural network were deleted.
4.1.3.3 Adaptive Subtraction (Paper C)
This method contains of four steps; (1) QRS detection in the contaminated EMG
signals, (2) formation of an ECG template by averaging the electrocardiogram
complexes, (3) using a low-pass filter to remove undesirable artifacts from the ECG
template, and (4) subtracting the template from the contaminated EMG signal where
the QRS complexes are detected. The proposed technique is an online method that is
somewhat effective in removing ECG artifacts.
4.1.3.4 Automated Wavelet-ICA (Paper D)
A contaminated EMG is first decomposed using a wavelet transform to provide a
multichannel input to the ICA. In conventional ICA-based methods, after creating the
ICA components, independent components are classified manually as an EMG signal
or ECG artifact. In this proposed approach, an automated algorithm is used to
determine the ECG artifact components automatically. Each channel of independent
components is evaluated separately, and the component with an ECG artifact is
selected automatically. After finding the noisy component in ICA-based methods, the
noisy component usually is set to zero. This procedure removes useful information
from the reconstructed signal. Therefore, an FIR high-pass filter, a Hamming
window, order 100 with a cutoff frequency of 20 Hz, is used to remove ECG artifacts
from the selected noisy component. Finally, an inverse ICA and then an inverse
wavelet transform are applied to reconstruct the denoised EMG signal (See Figure
4.6).
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Figure 4.6: The flowchart of the automated wavelet-ICA method.
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4.2 Offline Pattern Recognition (Paper E)
4.2.1 Data Acquisition
The required signals in this study (four-channel surface EMG signals from 20 healthy
subjects) were obtained from the BioPatRec database [50]. The 11 hand gestures
available in the selected database were open hand, closed hand, flex hand, extend
hand, pronation, supination, side grip, fine grip, agree or thumb up, pointer or index
extension, and relaxation.

4.2.2 Data Analysis
In this study, a total of 44 individual features (see Table 4.1) in the time, frequency,
and time-frequency domains (25, 8 and 11, respectively) were extracted from surface
EMG signals. Some of the features are commonly used in this area (and were chosen
by extensively reviewing the literature), and some of them are new. Various
combinations of the 44 individual features and six commonly used classifiers (LDA,
KNN, RegTree, MLE, SVM, and MLP) were investigated to decode eleven
individual movements. LDA, KNN, SVM and MLP were chosen by reviewing the
state of the art; however, there is not enough investigation on RegTree and MLE’s
performance on hand gesture recognition. In this study, in addition to investigating
each individual feature in combination with the classifiers, 25 features in the TD,
eight features in the FD and 11 features in the TFD were investigated as three
different feature sets. Then, principal component analysis (PCA) was employed
(because of its popularity in the state of the art) to reduce the dimensionality of the
aforementioned feature sets. The resulting feature vectors were then fed into the
classifiers (see Figure 4.7). I examined the classification accuracy and processing
time, which are crucial for performance evaluations.
Afterwards, the accuracy rates of different combinations of the 25 TD features were
determined by adding individual TD features one by one to the feature set from
number one to number 25. If an added feature produced a higher accuracy rate, it
would stay in the feature set; otherwise, it would be removed. Once all features were
evaluated, the features in the obtained feature set were removed in inverted order if
their subtraction did not negatively affect the accuracy.
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EMG Signal
Acquisition

Preprocessing
• Filtering
• Windowing

Classification

Feature Extraction
• TD features
• FD features
• TFD features
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•
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•
•

LDA
KNN
RegTree
MLE
SVM
MLP

Class Labels

• PCA
• Feature Selection

Figure 4.7: The processing stages of individual hand movement recognition for
identifying new myoelectric control configurations.
I went through the same procedure for the eight FD and 11 TFD features. Finally, an
efficient feature set (FS: waveform length, correlation coefficient and Hjorth
parameters (activity, mobility and complexity)) was obtained to improve the motion
recognition accuracy. To compare the results, I applied all the classifiers to a wellknown feature set (Hudgins set of five time domain features). To show the significant
differences between features, I conducted a statistical analysis.
Table 4.1: The forty-four extracted features (their names, abbreviations, descriptions
and publication references) in the time, frequency and time-frequency domains from
the collected EMG signals.
Time domain features

Abbreviation

References
[40]

[66]

1

Mean absolute value

MAV

2

Standard deviation

STD

Represents the difference between
each sample of a signal and its mean
value

3

Variance = Hjorth activity
parameter

Var

Represents the power of a signal

4

Waveform length

WL

Calculated by the sum of the absolute
values of the difference between each
sample of a signal

[68]

5

Zero crossing

ZC

Counts the number of times that the
sign of the amplitude of the signal
changes

[69]

6

Number of peaks

NP

Number of peak values that are higher
than a signal’s RMS value

7

Mean of peak values

MPV

Average of the peak values that are
higher than a given signal’s RMS
value




Description
Calculated by averaging the absolute
value of a given signal in a window

[16, 67]

Paper E

[70]
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8

Mean firing velocity

MFV

Samples of a signal corresponding to
the peak values higher than its RMS
value

[70]

9

Slope sign changes

SSC

Number of times the slope of a signal
in a time window changes sign

[14, 53]

10

Correlation coefficient

CC

Represents the linear relationship
between two samples of a signal

[71]

11

Difference absolute mean
value

DAMV

Calculated by averaging the absolute
value of difference between each
sample of a signal

[72]

12

Fractal dimension

FDim

Measures the strength of muscle
activity

[67]

13

Maximum fractal length

MFL

Measures the strength of muscle
contraction

[67, 73]

14

Higuchi’s fractal dimension

HFD

A popular technique to calculate the
fractal dimension

[73]

15

Skewness

Skew

Describes asymmetry in a statistical
distribution around the mean value

[74]

16

Integrated absolute value

IAV

Calculated by the summation of the
absolute values of a signal in a time
window

[75]

17

Hjorth mobility parameter

HMob

Represents the proportion of standard
deviation of the power spectrum

[76, 77]

18

Hjorth complexity
parameter

HCom

Compares the similarity of the shape
of a signal with a pure sine wave

[76, 77]

19

Multichannel energy ratio

ER

Describes the energy distribution in
multiple channels

[71]

20

Difference absolute standard
deviation value

DASDV

Represents the STD value of the
difference between each samples of a
signal

21

Willison amplitude

WAM

The number of times the absolute
value of the difference between two
adjacent samples in a time window
exceeds a predefined threshold

22

Mean absolute value slope

MAVS

The difference between the mean
absolute values of adjacent time
windows of a signal

[40, 68]

23

Kurtosis

Kurt

Compares the shape of a statistical
distribution with the normal
distribution

[74]

Perc

Calculated by sorting all samples in a
time window of a signal in ascending
order and computing the position L =
(K/100) * N, where N is the total

[74]
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[72, 78]
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number of samples in the time
window and K is the K-th Percentile

25

Calculated by sorting all samples in a
time window of a signal in
descending order, segmenting the
sorted values into several equally
spaced frames and returning the
number of samples in each segment

[69]

Description

References

Histogram

Hist

Frequency domain features

Abbreviation

26

Waveform length

WL

Calculating the WL of the fast Fourier
transform of a signal in a time
window

[70]

27

Mean frequency

MNF

Calculated as the sum of the power
spectrum of a signal multiplied by the
frequency variable divided by the sum
of the power spectrum of the signal

[14]

28

Median frequency

MDF

Is a frequency at which the EMG
power spectrum is divided into two
parts of equal amplitude

[14]

29

Mean of peaks

MPK

Average of peak values of a signal in
frequency domain that are higher than
a given signal’s RMS value

Paper E

30

Standard deviation of peaks

STDPK

Calculating the STD of the peak
values of a signal in the frequency
domain

Paper E

31

Frequency ratio

FR

Defined as the ratio of the power
spectra at the low-frequency band and
high-frequency band

[40]

32

Peak frequency

PKF

Is the frequency of the maximum
power

[79]

33

Frequency energy

FE

Calculated by the sum of the squared
amplitudes of the FFT of a signal

[12]

Time-frequency domain
features

Abbreviation

Description

References

34

Standard deviation

STD

Calculating STD of wavelet
coefficients in the last level

[80]

35

Variance

Var

Calculating the variance of wavelet
coefficients in the last level

[80]

36

Waveform length

WL

Calculating WL of wavelet
coefficients in the last level

Paper E

37

Energy

Er

Calculating the energy of wavelet
coefficients in the last level

[81, 82]

38

Maximum absolute value

MaxAV

MaxAV of wavelet coefficients in the
last level was calculated




[83]

27

28

Chapter 4. Methodology
39

Zero crossing

ZC

ZC of wavelet coefficients in the last
level was calculated

[81, 84]

40

Mean

Mean

Mean of wavelet coefficients in the
last level was calculated

Paper E

41

Mean absolute value

MAV

MAV of wavelet coefficients in the
last level was calculated

Paper E

42

Logarithmic RMS

LogRMS

LogRMS of wavelet packet
coefficient in the last subspace was
calculated

[85]

43

Relative energy

RE

Calculated by total energy of a signal
over energy in each subspace of
wavelet packet transform

[86]

NLE

Calculated by applying the
logarithmic operator to the
accumulation of the squares of the
wavelet packet coefficients divided
by the number of coefficients in the
subspace

[85]

44

Normalized logarithmic
energy

4.3 Real-Time Pattern Recognition (Paper F)
4.3.1 Data Acquisition
To conduct this study, I recorded four channels of surface EMG signals representative
of ten classes of motions from fifteen healthy subjects. The motion classes consisted
of hand open/close, wrist flexion/extension, forearm pronation/supination, side grip,
fine grip, agree and pointer. These movements were selected as they could be feasible
in high-end commercial prostheses.
Eight disposable Ag/AgCl electrodes were placed equally distributed around the
forearm in a bipolar configuration. Data were acquired using an open-source
bioelectric signal acquisition system (ADS_BP) [87]. During the recording sessions,
subjects were instructed to perform the ten selected movements. The data acquisition,
offline analysis and real-time testing were done using BioPatRec software, which is a
modular platform implemented in MATLAB [50]. Some modifications and
implementations were made to BioPatRec to perform this study. This software ran on
MATLAB R2014a.

4.3.2 Data Analysis
The recorded signals were filtered using a high-pass filter with a cutoff frequency of
20 Hz and a low-pass filter with a cutoff frequency of 500 Hz and a Notch filter at 50
Hz. After windowing (with a 200 ms length and 50 ms time increment) the signals,
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the most commonly used set of features (four TD features reported by Hudgins et al.
[43]: MAV, ZC, SSC, WL) was extracted from each window. Nine classification
algorithms (see Table 4.2) chosen by extensively reviewing the state of the art were
trained to decode the ten hand movements. Figure 4.8 illustrates the processing stages
of real-time and offline myoelectric pattern recognition.
In total, each subject performed 12 trials (two for training the subjects (offline and
real-time), one for offline training/testing the classifiers and nine for the real-time
testing) to evaluate the nine classification algorithms. The recorded data in the third
trial was used for training each classifier in combination with the selected feature set
(nine combinations in total) using the offline training feature in BioPatRec.
Offline Testing
EMG Signal
Acquisition

Class Labels

Preprocessing

Classification

Feature Extraction

Real-time Testing
Class Labels

Figure 4.8: The processing stages of real-time and offline myoelectric pattern
recognition.
The motion test in BioPatRec was used to assess and compare the real-time
classification of the selected algorithms in this study. During the motion test, subjects
were requested to execute the ten selected motions three times in a randomized order.
The selected hand and wrist movements for the real-time test are the same as in the
offline test. The real-time accuracy, selection time, completion time and completion
rate were used as the key indicators.
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Table 4.2: The nine investigated classifiers (their name, abbreviations, descriptions
and publication references) in this study.
Classifiers

Abbreviation

Description

References

Multilayer Perceptron

MLP

A feedforward artificial neural
network with an input layer, two
hidden layers of 16 neurons each
and an output layer

[50]

Regulatory Feedback
Networks

RFN

Relatively new instance in
pattern recognition instead of
learning performs based on
negative feedback.

[50]

SSOM

A type of artificial neural
network that works based on
competitive learning.

[88, 89]

LDA

A
simple,
efficient
and
statistically-based classifier with
a One-Vs-One (OVO) topology

[14, 51]

SVM

A very popular machine-learning
algorithm that uses kernels to
map
data
into
separable
hyperplanes.

[6, 10, 13]

K-Nearest Neighbor

KNN

A
simple
machine-learning
algorithm with a low training
time that utilizes a distance
measure to assign an unknown
event to a given class.

[6, 69, 90]

Maximum Likelihood
Estimation

MLE

Is used for parameter (mean and
covariance of the probability
density function) estimation in
statistics

[72, 91]

RegTree

Also known as decision tree,
uses a set of features as input and
outputs a decision

[92, 93]

NMF

All the samples that do not have
a class label are approximated by
a
non-negative
linear
combination of the training
samples

[94, 95]

Supervised Self-Organized
Map

Linear Discriminant Analysis

Support Vector Machine

Regression Tree

Non-Negative Matrix
Factorization






Chapter 5

Results and Discussion
This chapter summarizes and discusses the results of the conventional methods and
the proposed methods in papers A, B, C, D, E and F.

5.1 Filtering Techniques for Removing ECG Interference
The conventional methods and the proposed methods in this study were applied to the
contaminated EMG signals to remove ECG artifacts. For comparing the results of the
proposed methods and other currently used methods, quantitative criteria such as the
SNR, RE, CC, ET and PSD were used. The Welch method was used to estimate the
PSD of the signals. The artifact removal methods were applied to the 10 channels of
contaminated EMG signals recorded from five healthy subjects. The results for these
signals using MATLAB R2014a on a PC with 2.6 GHz dual-core Intel Core i5 Turbo
Boosted up to 3.1 GHz and 8GB 1600 MHz memory are presented in Table 5.1.

5.1.1 Conventional Filtering Techniques
5.1.1.1 High-Pass Filter
A FIR high-pass filter with a Hamming window (length=100) and cutoff frequency of
30 Hz was implemented to remove ECG artifacts from surface EMG signals [17, 28,
54]. An HPF with a cutoff frequency of 30 Hz not only deletes all useful components
below this frequency (Figures 5.1c and 5.1d) but also parts of the ECG artifact remain
in the denoised EMG signal (Figure 5.1b). However, this method is straightforward
and can be used in online applications. One of the advantages of this method is that
the HPF does not require a separate ECG channel. The SNR, RE, CC and ET of this
method are presented in Table 5.1.
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Figure 5.1: (a) Contaminated EMG, (b) denoised EMG, (c) estimated noise using
HPF and (d) PSD of raw EMG and denoised EMG using HPF.
5.1.1.2 Spike Clipping
To remove ECG artifacts from the EMG signals using the spike-clipping algorithm, a
threshold value was set experimentally at 0.2. If the absolute value of the amplitude
in the contaminated EMG signal is greater than the threshold, it sets to the threshold
value. Spike clipping is a simple and fast method; however, it suffers from the loss of
portions of EMG signal overlying QRS complexes (Figure 5.2) [18]. Figure 5.2d
shows that this method removes high-frequency components of the original EMG
signal, but low-frequency noise remains in the denoised signal. The performance of
the spike-clipping method can be improved using an R peak detection algorithm;
however, it is necessary to record an ECG signal simultaneously with the
contaminated EMG.
5.1.1.3 Gating Method
The gating method is similar to a spike-clipping technique with a difference in the
thresholding process. The absolute value of the amplitude greater than the threshold is
set to zero. In this method, the threshold value was experimentally set to 0.15. As is
presented in Figure 5.3b and 5.3c, parts of the EMG signal that have a high amplitude
are removed, and a large part of the ECG artifact remains in the denoised signal. The
PSD of the raw EMG and the denoised EMG using the gating method in Figure 5.3d
show that this method removes high-frequency components of the EMG signal. It is
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possible to improve the performance of this method using an R peak detection
algorithm at the cost of a higher computation time and more complex hardware
needs.
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Figure 5.2: (a) Contaminated EMG, (b) denoised EMG, (c) estimated noise using
spike clipping and (d) PSD of raw EMG and denoised EMG using spike clipping.
5.1.1.4 Hybrid Technique
The hybrid technique is a combination of an adaptive spike clipping and an HPF. The
first step is to apply the adaptive spike-clipping algorithm to the contaminated EMG
signal. The second step is to use a fourth-order Butterworth HPF with a cutoff
frequency of 30 Hz as a postprocessor. The contaminated EMG, denoised EMG,
estimated noise and PSD of the raw EMG and denoised EMG using the hybrid
technique are presented in Figure 5.4 The SNR, RE, CC and ET of this method are
shown in Table 5.1. Using an HPF for removing low-frequency noise at the output of
the spike-clipping algorithm improves the artifact removal process. However, this
method removes some useful information from the original signal where the EMG
has a high amplitude (Figure 5.4c). This approach is time-consuming (the adaptive
spike-clipping part); therefore, it is not suitable for clinical applications (Table 5.1)
[20].
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Figure 5.3: (a) Contaminated EMG, (b) denoised EMG, (c) estimated noise using
gating method and (d) PSD of the raw EMG and denoised EMG using gating method.
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Figure 5.4: (a) Contaminated EMG, (b) denoised EMG, (c) estimated noise using
hybrid technique and (d) PSD of the raw EMG and denoised EMG using hybrid
technique.
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5.1.1.5 Template Subtraction
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In the first step, the Pan-Tompkins algorithm was used to detect R peaks in the
contaminated EMG signal [55]. A window of a 2500-sample duration was used to
segment the contaminated EMG around the detected R peaks (see Figure 5.5). The
mean of all detected frames was taken to create an ECG template (Figure 5.6).
Finally, the denoised EMG (Figure 5.7b) was obtained by subtracting the created
ECG template from the contaminated EMG where the R peak was detected. Based on
the results in Figure 5.7 and Table 5.1, this method has good performance in
removing the ECG from surface EMG signals. Since the whole signal is required to
obtain the ECG template, this method is not usable for online applications.
Furthermore, it requires an additional ECG signal for the accurate detection of the
QRS complexes.
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Figure 5.5: Twenty selected frames including the QRS complexes in the
contaminated EMG signal.
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Figure 5.6: ECG template created by averaging QRS complexes in the contaminated
EMG signal.
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Figure 5.7: (a) Contaminated EMG, (b) denoised EMG, (c) estimated noise using
template subtraction and (d) PSD of the raw EMG and denoised EMG using template
subtraction.
5.1.1.6 Independent Component Analysis
Independent component analysis separates independent components from a number
of mixed signals. The FastICA algorithm was used to separate the independent
components from two channels of contaminated EMG signals (Figures 5.8a and
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5.8b). Then, an FIR high pass filter (Hamming window, order 100) with a cutoff
frequency of 30 Hz was used to remove the ECG artifact from the noisy component
(Figure 5.8c). The inverse ICA was applied to the denoised components to get the
denoised EMG signals (Figure 5.9). It can be observed from Figure 5.9b that using
ICA, small parts of the noise remain in the denoised signal, and parts of the desired
signal are removed (Figure 5.9c and 5.9d). The requirement of an additional sensor is
one of the drawbacks of this method since it adds to the complexity of the hardware
system [96].
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Figure 5.8: (a, b) Contaminated EMG signals, (c, d) independent components
obtained by ICA and (e, f) filtered components using HPF.
5.1.1.7 Wavelet Transform
A discrete wavelet transform using a fourth-order Symlet wavelet was used to
decompose the contaminated EMG signal to eight levels. Choosing this wavelet was
due to the similarity of the mother wavelet to the ECG signal, which helps in
removing ECG artifacts [97]. A threshold value was then defined to set the absolute
value of the coefficients greater than the threshold to zero. This threshold was set
experimentally. An inverse wavelet transform was then performed on the new
coefficients to obtain the denoised EMG signal. It was observed that a considerable
amount of noise remained in the original signal (Figure 5.10b). Figure 5.10d
illustrates that the wavelet transform affects the EMG signal in high frequencies in a
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negative way. However, one of the advantages of the wavelet transform is that it only
requires a one-channel EMG.
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Figure 5.9: (a) Contaminated EMG, (b) denoised EMG, (c) estimated noise using
ICA and (d) PSD of the raw EMG and denoised EMG using ICA.
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Figure 5.10: (a) Contaminated EMG, (b) denoised EMG, (c) estimated noise using
wavelet transform and (d) PSD of the raw EMG and denoised EMG using wavelet
transform.
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5.1.1.8 Combined Wavelet and ICA
A sixth-order Daubechies wavelet was used to decompose the contaminated EMG
signal (60 seconds) into six levels to produce a multichannel EMG signal for ICA.
After decomposing the signal, the FastICA algorithm was used to separate the desired
signal from the artifact. The noisy component was then detected manually by the user
and was set to zero. The inverse wavelet transform was used to obtain the denoised
signal (Figure 5.11b). This technique does not require a multichannel signal, and it
has better performance compared to the wavelet transform and the ICA technique
(Table 5.1).






 $%&




 
# %#'&$ï


ï















 $%&



ï












 $%&




ï











#





"!%()



Figure 5.11: (a) Contaminated EMG, (b) denoised EMG, (c) estimated noise using
wavelet-ICA and (d) PSD of the raw EMG and denoised EMG using wavelet-ICA.
5.1.1.9 Adaptive Noise Canceller
The contaminated EMG and the ECG signals were used as the input and reference
input to the RLS algorithm, respectively. The algorithm was initialized with
  , an RLS forgetting factor = 0.999 and filter length = 32. The results in
Figure 5.12 and Table 5.1 show that the ANC is somewhat effective in removing the
ECG from EMG signals. This method is capable of estimating the noise in the
contaminated EMG signal using the reference ECG. However, the noise is not well
estimated, and there is still noise in the denoised signal (Figure 5.12b and 5.12d).
ANC is not suitable for clinical applications due to the heavy computational burden.
It also takes a long time to get the denoised signal using this method (Table 5.1).
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Figure 5.12: (a) Contaminated EMG, (b) denoised EMG, (c) estimated noise using
ANC and (d) PSD of the raw EMG and denoised EMG using ANC.
5.1.1.10

Artificial Neural Network

The parameters used to train the ANN were two neurons in the input layer, 35
neurons in the only hidden layer and one neuron in the output layer. The ECG signal
and delayed ECG signal (9 samples) were the inputs, and the contaminated EMG
signal was the target to the network. Epochs = 1000, goal = 0.65, momentum = 0.9,
show = 5, learning rate = 0.5 and time = infinity. The activation function for each
layer was a hyperbolic tangent sigmoid, which is a transfer function. In this method,
120,000 samples (60 seconds) were selected from the dataset. 90,000 samples (45
seconds) were used for training and 30,000 samples (15 seconds) were used for
testing. According to the quantitative evaluation criteria in Table 5.1, it can be
observed that the performance of the ANN in removing noise from the EMG signal is
relatively good. Using this method, a large amount of ECG artifacts in the EMG
signal was removed (Figure 5.13); however, it can be seen in Figure 5.13d that lowfrequency noise remained in the denoised signal. One of the drawbacks of this
method is the requirement of an additional sensor to provide the reference input.
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Figure 5.13: (a) Contaminated EMG, (b) denoised EMG, (c) estimated noise using
ANN and (d) PSD of the raw EMG and denoised EMG using ANN.
5.1.1.11

Adaptive Neuro-Fuzzy Inference System

For removing noise from the contaminated EMG signal, 120,000 samples (60
seconds) were selected. 90,000 samples (45 seconds) were used for training and
30,000 samples (15 seconds) were used for testing. The ECG signal and delayed ECG
signal (9 samples) were inputs, and the contaminated EMG signal was the target to
the system. The selection of appropriate parameters is essential for the performance
of the ANFIS algorithm. In this study, the proposed parameters for training ANFIS
were epochs = 1000, fuzzy rules = 9, inputs = 2, membership function = generalized
bell (because of the advantages of smoothness and concise notation, it is used for
tuning the fuzzy inference system parameters in nonlinear applications) and number
of membership functions = 3, which were determined by a trial and error process.
ANFIS was trained using the training database, and the ECG artifact was estimated
using the testing database. The denoised signal was obtained by subtracting the
estimated noise from the contaminated EMG signal. The performance of this method
for estimating the ECG artifact in the EMG signal was similar to that for the ANN,
but the elapsed time for the ANFIS method was lower (Table 5.1). ANFIS can be
trained just once and after that can be used online quickly. However, the requirement
of an additional sensor to provide the reference input is one of the drawbacks of this
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method [98]. Furthermore, low-frequency noise remained in the denoised signal using
ANFIS (Figure 5.14d).
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Figure 5.14: (a) Contaminated EMG, (b) denoised EMG, (c) estimated noise using
ANFIS and (d) PSD of the raw EMG and denoised EMG using ANFIS.

5.1.2 Proposed Novel Filtering Techniques
5.1.2.1 ANFIS-Wavelet (Paper A)
In the first step, ANFIS with the parameters described in section 5.1.1.11 was
employed to denoise the contaminated EMG signal. The result in Figure 5.14 shows
that there are still low-frequency noise components (between 0 to 20 Hz) in the
denoised signal using ANFIS. However, in the 5-20 Hz frequency range, the surface
EMG spectrum contains information [99, 100] concerning the firing rates of the
active motor unit that might be of interest in some applications such as movement
analysis [100]; therefore, it is important to remove the noise from this particular
frequency band. Hence, in the second step of the proposed method, a wavelet
transform with nonlinear thresholding (Symlet wavelet family, fourth-order) was used
to remove the residual noise at the output of the ANFIS method. The wavelet
transform divides signals into different frequency components; therefore, it is
possible to find the low-frequency noise in the original signal. Figure 5.15 illustrates
that low-frequency noise was removed from the contaminated EMG signal when a
wavelet transform was used as the postprocessor. It may be observed in Table 5.1 that
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combining ANFIS and a wavelet improved the SNR of the denoised signal with only
a small increase in the processing time.
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Figure 5.15: (a) Contaminated EMG, (b) denoised EMG, (c) estimated noise using
ANFIS-wavelet and (d) PSD of the raw EMG and denoised EMG using ANFISwavelet.
5.1.2.2 ANN-Wavelet (Paper B)
The ECG artifact was first removed from the contaminated EMG signal using the
ANN method. As can be seen in the PSD of the denoised EMG using ANN in Figure
5.13, low-frequency noise is remained in the signal. To remove the remaining noise
from the output of the ANN, a wavelet transform with nonlinear thresholding (Symlet
wavelet family, fourth-order) was used. Figure 5.16 shows the result of the ANNwavelet method for one of the signals. In the PSD of the denoised EMG signal using
ANN-wavelet in Figure 5.16, it can be seen that the low-frequency noise components
have been removed by the second process using a wavelet transform. The parameters
that were used to perform this method are the same as those for the ANN and wavelet
transform that were described before. It was found that the proposed method,
compared with the other methods, is capable of removing artifacts from the original
signal, which is a promising result (Table 5.1). This method is fast and automated and
can be used in clinical applications.
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Figure 5.16: (a) Contaminated EMG, (b) denoised EMG, (c) estimated noise using
ANN-wavelet and (d) PSD of the raw EMG and denoised EMG using ANN-wavelet.
5.1.2.3 Adaptive Subtraction (Paper C)
After detecting the R peaks in the contaminated EMG signal, ECG templates were
created by averaging the 30 past QRS complexes for each detected R wave. In this
way, ECG templates are changed for each detected R to be adapted to each QRS
complex. For removing undesirable artifacts from the created ECG templates, a lowpass filter with a cutoff frequency of 50 Hz was used. To obtain the denoised signal
(Figure 5.17b), the created ECG templates were subtracted from the contaminated
EMG signal where the R peaks were detected. The difference between this method
and the template subtraction method is in the ECG template creation step. Unlike the
template subtraction, this technique is an online method that can be used in clinical
applications at a cost of a drop in the SNR value (Table 5.1).
5.1.2.4 Automated Wavelet-ICA (Paper D)
A wavelet transform (Daubechies wavelet family, fourth-order) was used to
decompose the contaminated EMG signal into eight levels. After decomposing the
signal, the ICA algorithm was employed to separate the independent components. An
algorithm based on a Hilbert transform was used to find the noisy component
automatically (described in section 11.2.2). Then, an HPF with a cutoff frequency of
20 Hz was used to remove ECG artifacts from the detected noisy component. Finally,
the inverse ICA and inverse wavelet transform were applied to obtain the denoised
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signal. The results in Figure 5.18 show that small peaks remained in the denoised
signal (Figure 5.186b) and some parts of the original signal are removed (Figures
5.18c and 5.18d). The calculated values (SNR, RE, CC and ET) for this method, as
listed in Table 5.1, show that this algorithm is capable of eliminating the ECG
artifacts. This technique is an automatic artifact removal method that does not require
a multichannel signal and can operate online with a promising result for many
applications.
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Figure 5.17: (a) Contaminated EMG, (b) denoised EMG, (c) estimated noise using
adaptive subtraction, (d) PSD of the raw EMG and denoised EMG using adaptive
subtraction.
All the evaluated criteria in Table 5.1 confirmed that the proposed methods have
good performance and efficiency. They are fast and could successfully remove ECG
artifacts from surface EMG signals. Based on the results presented in Table 5.1, the
proposed ANFIS-wavelet improved the SNR value of ANFIS by up to 22%, and the
proposed ANN-wavelet improved the SNR value of ANN up to 31%. In the proposed
automated wavelet-ICA, not only was the method converted to an automatic
approach, but the SNR value was also improved by up to 20% by combining it with
an HPF. The adaptive subtraction did not improve the results. The SNR, RE and CC
were decreased, but it converted the template subtraction to an online technique.
Table 5.1 also shows the elapsed time of each method in seconds. The HPF, spikeclipping and gating methods were faster than the other methods. The hybrid technique
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and ANC were time-consuming. The elapsed time to run the proposed ANFISwavelet and ANN-wavelet were increased by 0.15 and 0.35 second, respectively,
compared to ANFIS and ANN. The cost of making the wavelet-ICA method
automated was a 0.24-second increase in the elapsed time to run the algorithm.
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Figure 5.18: (a) Contaminated EMG, (b) denoised EMG, (c) estimated noise using
automated wavelet-ICA and (d) PSD of the raw EMG and denoised EMG using
automated wavelet-ICA.
In Table 5.2, different classes (e.g., very fast, fast, time-consuming, online, offline,
automatic) were considered for artifact removal methods. Therefore, each method can
be chosen based on a specific application. For example, for applications that require a
speedy result, HPF is recommended among the very fast methods (HPF, spikeclipping and gating methods) because it has a higher SNR value. For applications that
require very good performance, ANFIS-wavelet and ANN-wavelet are recommended.
For applications that need a less complex hardware system, methods that do not
require a multichannel input such as HPF, spike-clipping, the gating method, template
subtraction, the wavelet transform, wavelet-ICA, adaptive subtraction and automated
wavelet-ICA are good options, but among these methods, template subtraction,
adaptive subtraction and automated wavelet-ICA are recommended because of their
good performance (high SNR value and low ET).
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Table 5.1: SNR, RE, CC and ET in seconds obtained for HPF, spike clipping, gating
method, hybrid technique, template subtraction, ICA, wavelet transform, waveletICA, ANC, ANN, ANFIS, ANFIS-wavelet, ANN-wavelet, adaptive subtraction and
automated (auto) wavelet-ICA for ten contaminated EMG signals.
Filtering Methods

SNR (dB)

RE

CC

ET (seconds)

HPF

7.75±0.79

0.12±0.05

0.89±0.01

0.003

Spike clipping

3.14±0.44

0.36±0.04

0.77±0.02

0.007

Gating method

2.69±0.42

0.34±0.05

0.70±0.04

0.006

Hybrid technique

7.07±0.84

0.15±0.05

0.89±0.02

8.60

Template subtraction

11.41±0.91

0.05±0.02

0.96±0.01

0.42

ICA

7.93±0.62

0.09±0.04

0.92±0.03

1.64

Wavelet transform

5.36±0.81

0.15±0.03

0.86±0.02

0.37

Wavelet-ICA

8.64±1.92

0.09±0.04

0.92±0.03

1.85

ANC

8.09±1.29

0.12±0.04

0.92±0.02

126

ANN

11.85±1.16

0.05±0.02

0.96±0.01

0.31

ANFIS

12.27±1.06

0.04±0.01

0.97±0.01

0.12

ANFIS-wavelet

14.97±1.34

0.02±0.02

0.99±0.02

0.27

ANN-wavelet

15.53±1.14

0.01±0.00

0.98±0.00

0.66

Adaptive subtraction

9.58±0.83

0.07±0.02

0.94±1.92

1.20

Auto wavelet-ICA

10.41±0.67

0.06±0.04

0.95±0.03

2.09

Table 5.2: The advantages and disadvantages of HPF, spike clipping, gating method,
hybrid technique, template subtraction, ICA, wavelet transform, wavelet-ICA, ANC,
ANN, ANFIS, ANFIS-wavelet, ANN-wavelet, adaptive subtraction, and automated
(auto) wavelet-ICA in removing ECG artifacts from EMG signals.
Filtering Methods

Advantages

HPF

1. Very fast (Table 5.1)2

Disadvantages

2. Not requiring multichannel
signals
3. Automatic

1. Removing a large amount of useful
information from the original signal
2. Parts of artifacts remaining in the
denoised signal

4. Online
Spike clipping

1. Very fast (Table 5.1)
2. Not requiring multichannel
signals
3. Automatic

1. Removing parts of useful information
from the original signal
2. A large amount of artifacts remaining
in the denoised signal

4. Online
Gating method

1. Very fast (Table 5.1)

1. Removing a large amount of useful


2



ET less than 0.01 sec.
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2. Not requiring multichannel
signals
3. Automatic

information from the original signal
2. A large amount of artifacts remaining
in the denoised signal

4. Online
Hybrid technique

1. Not requiring multichannel
signals

1. Removing a large amount of useful
information from the original signal

2. Automatic

2. Time-consuming (Table 5.1)

3. Online
Template subtraction

1. Fast (Table 5.1)3
2. Not requiring multichannel
signals

1. Requiring predetermined QRS
template
2. Offline

3. Automatic
4. Good performance (Table 5.1)4
ICA

1. Fast (Table 5.1)

1. Requiring multichannel signals

2. Automatic

2. A large amount of useful information
removed from the original signal

3. Online
Wavelet transform

1. Fast (Table 5.1)
2. Not requiring multichannel
signals
3. Automatic

1. Removing parts of useful information
from the original signal
2. Parts of artifact remaining in the
denoised signal

4. Online
Wavelet-ICA

ANC

1. Fast (Table 5.1)

1. User-dependent

2. Not requiring multichannel
signals

2. Removing a large amount of useful
information from the original signal

3. Online

3. Parts of artifacts remaining in the
denoised signal

1. Automatic

1. Time-consuming (Table 5.1)

2. Online

2. Requiring reference signal
3. A large amount of artifacts remaining
in the denoised signal

ANN

1. Fast (Table 5.1)

1. Requiring reference signal

2. Automatic

2. Part of low-frequency noise remaining
in the denoised signal

3. Online
4. Good performance (Table 5.1)
ANFIS

1. Fast (Table 5.1)

1. Requiring reference signal

2. Automatic

2. Part of low-frequency noise remaining
in the denoised signal

3. Online
4. Good performance (Table 5.1)
ANFIS-wavelet

1. Fast (Table 5.1)

1. Requiring reference signal

2. Automatic


3
ET less than 3 sec.
SNR approximately equal to or more than 9.
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3. Online
4. Very good performance (Table
5.1)
ANN-wavelet

1. Fast (Table 5.1)

1. Requiring reference signal

2. Automatic
3. Online
4. The best performance based on
the SNR value (Table 5.1)
Adaptive subtraction

1. Fast (Table 5.1)
2. Not requiring multichannel
signals

1. Requiring predetermined QRS
template

3. Automatic
4. Online
5. Good performance (Table 5.1)
Auto wavelet-ICA

1. Fast (Table 5.1)
2. Not requiring multichannel
signals
3. Automatic

1. Removing useful information from the
original signal
2. Artifacts remaining in the denoised
signal

4. Online
5. Good performance (Table 5.1)

5.2 Offline Pattern Recognition (Paper E)
The offline analysis of 44 individual features in the TD, FD and TFD in combination
with the six classification algorithms (LDA, KNN, RegTree, MLE, SVM and MLP)
to decode individual hand movements showed that:
•

Among the 25 individual TD features, MAV, standard deviation (STD), WL,
mean of peek value (MPV), difference absolute mean value (DAMV), maximum
fractal length (MFL), integrated absolute value (IAV), difference absolute
standard deviation value (DASDV) and percentile (Perc) performed better (based
on the obtained classification accuracy rates). Among the classifiers, KNN and
MLP had higher accuracy rates, in combination with the individual TD features,
while KNN was slightly better than MLP, with an average accuracy rate of 93.9%
for the MFL/KNN combination. Among the investigated TD features, mean
absolute value slope (MAVS) obtained the lowest accuracy rate with an average
of 11.5% in combination with the LDA classifier (see Table 5.3).

•

Most of the investigated FD features in this study obtained low accuracy rates;
however, the highest rate was obtained by frequency energy (FE) in combination
with the KNN classifier, with an average accuracy rate of 90.0% (see Table 5.4).
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Among the eleven TFD features in this study, eight of them were extracted from
wavelet coefficients, and three of them were extracted from wavelet packet (WP)
coefficients. The WT features did not perform well in decoding the hand
movements, and the highest accuracy rate was obtained by WL, with an average
of 67.7% in combination with MLP. Among the WP features, logarithmic RMS
(LogRMS) and normalized logarithmic energy (NLE) produced the highest
accuracy rates, with averages of 95.2% and 95.1%, respectively, in combination
with the LDA classifier. KNN and SVM also obtained accuracies above 93% in
combination with the abovementioned WP features (see Table 5.5).

Table 5.3: The average classification accuracy and standard deviation of individual
TD features that obtained higher accuracy rates in combinations with the six
classifiers across 20 subjects.
Average classification accuracy (%) ± STD
TDF
MAV
STD

c

84.6 ±7.73
c

84.7 ±7.95
c

WL

84.7 ±7.43
cd

KNN
ab

93.2 ±4.60
a

93.5 ±3.56
ab

93.2 ±4.38
abc

MPV

83.5 ±7.81

92.3

DAMV

84.8c±7.45

93.3ab ±4.50

MFL

c

84.9 ±7.47
c

IAV

84.6 ±7.75

DASDV
a,b,…

LDA

cd

83.9 ±7.95

±4.36

a

93.9 ±4.41
ab

93.2 ±4.49
abc

92.3 ±4.50

RegTree
abc

90.0 ±4.92
89.7

abcd

±5.01

abc

90.2 ±5.47
88.8

abcd

±5.01

90.3abc±5.40
abc

90.2 ±5.50
abc

90.0 ±5.13
88.9

abcd

±5.31

MLE
bcd

89.9 ±6.21
bcd

89.4 ±6.05
bc

90.4 ±5.88

MLP

bc

91.1bcdef±4.69

bc

91.0cdef±4.20

bc

91.2bcde±4.69

bc

84.0 ±8.47
84.6 ±7.62
84.9 ±8.08

±6.64

84.1 ±7.11

89.8defg±4.69

90.4bc±5.84

84.0bc±8.11

91.2bcdef±4.72

87.8

bcde

SVM

bc

90.4 ±5.98
bc

89.0 ±6.04
88.2

bcde

±5.98

bc

91.5abcde±4.41

bc

91.6abcde±4.46

bc

89.7defg±4.29

84.2 ±7.73
84.0 ±8.08
85.0 ±7.44

means within a column not sharing a common superscript are significantly different (p<0.0001)

Table 5.4: The average classification accuracy and standard deviation of FE in
combinations with the six classifiers across 20 subjects.
Average classification accuracy (%) ± STD
FDF
FE
a,b,…

LDA
ghi

64.1 ±9.23

KNN
abc

90.0 ±6.41

RegTree
82.5

efgh

±7.87

MLE
u

16.8 ±6.76

SVM
fg

62.5 ±9.71

MLP
61.6mno±10.3

means within a column not sharing a common superscript are significantly different (p<0.0001)

Different combinations of features in the TD, FD and TFD were investigated using
feature selection and feature projection (PCA) methods to develop a set of features
that improves the performance of hand gesture recognition based on their obtained
accuracy and processing time. A set of TD features (FS) including WL, CC, Hjorth
parameters (activity, mobility and complexity) was found to improve the results. The
proposed feature set significantly (p<0.0001) increased the accuracy rate of LDA
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from 84.9% to 95.1%, MLE from 90.4% to 97.4%, and SVM from 85.0% to 92.0%
compared to the individual TD features. However, the elapsed time slightly increased
which is still acceptable for real-time applications. It can be observed in Table 5.6
that our proposed feature set outperformed the other sets and obtained accuracy rates
up to 97%. No significant improvement (p<0.0001) was found by applying PCA as
the feature reduction method to the three different feature sets (the 25 TD features, 8
FD features and 11 TFD features) in comparison with the individual features and our
proposed feature set (see Table 5.6). The result of our proposed feature set was then
compared with that of a well-known feature set (Hudgins’ set of five TD features).
The results in Table 5.6 demonstrated that among the classifiers, LDA, KNN, MLE
and SVM obtained significantly lower (p<0.0001) accuracy rates in combination with
the Hudgins’ set when compared to our proposed set. Table 5.6 shows that less
variability was found in the obtained classification accuracy by our proposed feature
set and Hudgins’ set.
Table 5.5: The average classification accuracy and standard deviation of individual
TFD features that obtained higher accuracy rates in combinations with the six
classifiers across 20 subjects.
Average classification accuracy (%) ± STD
TFDF

a,b,…

LDA

KNN

RegTree

MLE

SVM

MLP

LogRMS

95.2a±3.63

93.3a±4.94

86.6bcde±6.04

76.1h±9.02

93.5a±5.51

95.5a±3.51

NLE

95.1a±3.76

93.3ab±5.00

86.5bcde±6.29

76.2h±9.56

93.8a±5.29

95.2ab±3.61

means within a column not sharing a common superscript are significantly different (p<0.0001)

Table 5.6: The average classification accuracy and standard deviation of feature sets
in combinations with the six classifiers across 20 subjects.
Average classification accuracy (%) ± STD
LDA

KNN

RegTree

MLE

SVM

MLP

FS

95.1a±2.85

94.1a±3.77

91.4a±4.56

97.4a±1.70

92.0a±3.82

93.7abcd±3.22

Hudgins set

89.9b±5.23

88.7bc±7.02

90.6ab±5.62

91.3b±5.12

86.3b±7.53

91.6abcde±4.26

TD/PCA

96.2a±2.44

92.5abc±5.02

79.7h±10.49

83.8efg±7.09

94.7a±3.20

94.4abc±3.18

FD/PCA
TFD/PCA
a,b,…

cde

81.9 ±8.37
a

94.9 ±3.97

abc

90.8 ±6.44
abc

90.3 ±6.06

hi

78.5 ±9.42
i

73.9 ±8.76

tu

19.0 ±8.00
gh

79.4 ±9.65

f

85.2hi±5.07

a

85.4hi±6.36

63.1 ±7.91
93.3 ±5.55

means within a column not sharing a common superscript are significantly different (p<0.0001)

Regarding the processing time, the training and testing time of all the classifiers were
measured in combination with the features and feature sets that obtained good
accuracies. The result showed that KNN and MLE are faster in training but MLP is
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very slow. The fastest combination (MAV/MLE) took 0.008 seconds. KNN and
RegTree were faster in testing, but LDA was more time-consuming. The FD and TFD
features were computationally expensive since the TD EMG signal needs to be
transformed to the frequency and time-frequency domains.

5.3 Real-Time Pattern Recognition (Paper F)
The real-time and offline performance of nine classification algorithms (MLP, RFN,
supervised self-organized map [SSOM], LDA, SVM, KNN, MLE, RegTree and nonnegative matrix factorization [NMF]) in combination with the Hudgins set of four TD
features were compared using their obtained accuracy rates and processing time to
classify ten individual hand movements. The offline performance was evaluated using
the accuracy rate, training time in seconds and testing time in milliseconds (ms). To
evaluate the real-time performance of the classifiers, the real-time accuracy, selection
time in seconds, completion time in seconds and completion rate were used as the
performance indicators. The selection time was the time between the first prediction
different than “rest” and the first correct prediction. The completion time was the
time between the first prediction different than “res”’ and the 20th correct prediction.
The completion rate was the percentage of movements that reached 20 percent correct
predictions before timeout.
Table 5.7 illustrates that among the classifiers, LDA and MLE performed
significantly better (p<0.05) based on their obtained offline accuracy rates (above
97%). SSOM and KNN obtained the lowest accuracy rates, which were statistically
significant (p<0.05). Among the classifiers, MLE was the fastest (0.171 s), and NMF
was the slowest (46.3 s) in training; MLP was the fastest (0.115 ms) and NMF the
slowest (286.6 ms) classifiers in offline testing.
Based on the real-time accuracy obtained by the motion test, MLP, LDA and MLE
performed better than the other classifiers, with an accuracy rate of above 68%. MLP
obtained the lowest selection time (0.657 s), and NMF obtained the highest selection
time (1.99 s). The lowest completion time belongs to KNN, with an average of 3.85
seconds, and MLP has the highest completion time, with an average of 5.06 seconds.
The highest completion rates were obtained by LDA and MLE, with average rates of
71.3% and 72.4%, respectively. SSOM and KNN obtained the lowest completion
rates, with average rates of 42.9% and 38.9%.
The result illustrated that each classifier obtained higher offline accuracy rates in
comparison with that of its real time. Some hand movements were easier to detect
offline such as “Extend hand” since most of the classifiers were able to detect it with
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a higher accuracy rate. Based on the obtained real-time accuracy, “Flex hand” and
“Extend hand” were the easiest and “Side grip” was the hardest movement to detect
in real time. By looking at the obtained accuracy rates per subject both offline and in
real time, it was observed that practicing the movements improved the performance
of the classifiers. During the data acquisition of one of the subjects, it was observed
that despite filtering the signal with a notch filter at 50 Hz, the power line noise still
affected the signal. The result showed that this subject obtained the lowest offline and
real-time accuracy rates for the SSOM and KNN classifiers. Therefore, it is likely that
these classifiers are not very robust against baseline noise, though it is difficult to
make a definitive statement based on only one subject.
Table 5.7: Average and standard deviation of offline and real-time accuracy rates for
all classifiers over 15 subjects.
Classifiers

Offline Accuracy (%)

Real-time Accuracy (%)

MLP

91.7b ±5.47

69.8 a ±8.16

RFN

81.0c ±5.25

60.9 bc ±10.4

SSOM

64.6e ±7.20

35.5 ef ±12.4

a

69.3 ab ±10.8

c

43.0 de ±14.8

e

63.1 ±6.63

33.3 f ±11.9

MLE

97.0a ±2.25

68.4 abc ±11.0

RegTree

92.2b ±4.33

59.8 c ±15.8

LDA
SVM
KNN

NMF
a,b,…



97.9 ±2.69
84.8 ±5.84

d

47.6 d ±11.7

70.3 ±8.49

means within a column not sharing a common superscript are significantly different (p<0.05)









Chapter 6

Conclusion
This doctoral thesis is based on surface EMG signal processing and consists of two
parts: 1) improving the ECG interference removal from surface EMG signals and 2)
investigating a wide range of offline and real-time myoelectric pattern recognition
algorithms and proposing new configurations to improve hand movement
recognition.
In the first part, the efficiencies of different artifact removal methods were studied to
remove ECG interference from surface EMG signals. The investigated methods were
HPF, the gating technique, spike clipping, hybrid approach, subtraction method, ICA,
wavelet transform, wavelet-ICA, ANN, ANC and ANFIS. The experimental results
of these methods were analyzed and compared using common evaluation criteria such
as SNR, RE, CC, ET and PSD. Finally, to address the first research question and
improve the filtering process of EMG signals, four novel filtering approaches,
ANFIS-wavelet, ANN-wavelet, adaptive subtraction and automated wavelet-ICA,
were proposed. The experimental results revealed that using the wavelet transform as
the postprocessor for ANN and ANFIS produced better results (based on their SNR
values) compared to the other investigated methods in this thesis. The proposed
ANN-wavelet and ANFIS-wavelet achieved the highest SNR value for all data sets.
These techniques are fast and could successfully remove ECG artifacts from EMG
signals. The importance of these two proposed approaches lies in the removal of the
ECG without distorting the EMG signal. The denoised EMG signal may be used to
predict and control hand movements; hence, a low computational time is very
important. The template subtraction algorithm is successful in removing ECG
artifacts from EMG signals, but it is not feasible for real-time applications. I
overcome this limitation by proposing an online technique, adaptive subtraction,
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which is usable for real-time applications. To improve the performance of this
proposed approach, a low-pass filter was applied to remove noise from the obtained
ECG template. The wavelet-ICA has been proposed to improve the performance of
the wavelet transform and the ICA method. This method is user-dependent, and a
significant part of the EMG is removed while setting the noisy component to zero. In
this thesis, an algorithm was proposed to convert this method to an automated
approach in which the noisy component is found automatically. I also used an HPF
for removing the noisy component instead of setting the noisy component to zero.
In the second part, to address the second research question, I first investigated the
offline performance of a wide range of myoelectric pattern recognition algorithms (44
individual features and six classifiers) to decode 11 individual hand movements. The
classification accuracy and processing time were used as the performance indicators.
By applying a feature selection technique to the 44 individual features, a new set of
time domain features (FS) was proposed. All the possible combinations of features
and classifiers were also investigated, and new configurations were found to improve
the result. The experimental result presented that the MAV, STD, WL, DAMV, IAV
and FS features in the time domain in combination with the KNN classifier and
FS/MLE combination are recommended to obtain higher recognition accuracy rates
with a lower processing time. The LogRMS and NLE features in combination with
LDA and MLP are suitable when the time consumption is not a key requirement.
Afterwards, to address the third research question, the offline and real-time
performance of nine classification algorithms to decode ten individual hand
movements was investigated and compared. The results revealed that there is a great
difference (approximately 14%) between the highest classification accuracy rates
obtained offline and in real time (97.9% vs 69.8%). LDA and MLE obtained the
highest offline accuracy rates. However, in real time, MLP had the highest accuracy
rate, but the differences were not statistically significant against LDA and MLE.
MLP, RFN, LDA, SVM, MLE and RegTree had good performance in decoding most
of the movements offline, but several movements from the same muscle group were
not easy to detect in real time. NMF was the most time-consuming algorithm based
on its processing time (training, testing and selection time). Consequently, MLP,
LDA and MLE, with high accuracy and completion rates and low processing times,
are more feasible for prosthetic control.
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Future Work
Several research topics could be investigated further on the basis of the work
presented in this doctoral thesis. Some of the possible research directions are as
follow:
•

Combining electroencephalogram signals from the scalp (reflecting underlying
brain activity) with EMG signals to increase the accuracy of the classification of
motor patterns, with potential applications in brain-computer interfaces.

•

Exploring EMG as a biofeedback tool for rehabilitating muscle function in post
stroke patients together with the electroencephalogram signal.

•

Extending our results to other types of movements (e.g., discriminating finger
movements).

•

Replicating the results presented in this thesis in trials with actual amputees.

•

Conducting long-term trials, i.e., test and train data are collected over a period of
days.

•

Using deep learning algorithms to decode different hand movements and
comparing their results with those of machine learning algorithms.
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