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Kurzfassung
Die Handzeichenerkennung ist für verschiedene Anwendungen wichtig. Myographische
Methoden, wie die Oberflächen-Elektromyographie (sEMG), die Kraft-Myographie
(FMG) und die Oberflächen-Elektrische-Impedanz-Myographie (sEIM) liefern interessante physiologische Signale, die die Grundlage für die Erkennung von Handzeichen
bilden können und mit einer begrenzten Anzahl von Sensoren an geeigneten Positionen und geeigneten Signalverarbeitungsalgorithmen für eine perspektivische
Implementierung in tragbare eingebettete Systeme untersucht werden müssen. Eine
Datenbank mit Messungen von Gesten der amerikanischen Gebärdensprache (ASL)
am Unterarm und Handgelenk von insgesamt mehr als 100 gesunden Personen wurde
erhoben.
Neuartige Klassifizierungsmethoden wurden entwickelt, die auf einer Extreme Lernmaschine (ELM) basieren, unterstützt durch einen Grashüpfer-Optimierungs-algorithmus (GOA) als zentralen Prozess für das Verbindungspruning. Eine K-TournamentAuswahlstrategie, die in den GOA eingeführt wurde, gewährleistet die Diversität
seiner Population. Der K-Tournament-Grashüpfer-Optimierungsalgorithmus (KTGOA) wurde für diskrete Optimierungsprobleme weiter verbessert und zur Auswahl
der ELM-Gewichte als K-Tournament-Grashüpfer-Extrem-Lerner (KTGEL) implementiert. Um das Gleichgewicht zwischen Exploration und Exploitation zu verbessern,
werden die Ausgleichskoeffizienten des KTGEL einer gleichmäßigen Randomisierung
unterzogen. Der resultierende "Random K-Tournament Grasshopper Extreme Learner
(RKTGEL)" ist ein neuartiger Klassifikator mit einer gleichzeitig automatisierten
Merkmalsselektion.
In einem ersten Schritt und basierend auf der konventionellen ELM-Methode wurden
die Anzahl der Sensoren und deren Positionen untersucht. Für FMG hat sich gezeigt,
dass 8 Sensoren geeignet sind, für sEMG sind nur 2 Sensoren geeignet und für sEIM
sind 4 äquidistante Elektroden für Messungen im Frequenzbereich von 1 kHz bis
4 kHz geeignet. In einem zweiten Schritt wurden verschiedene Kollektionen von
Handzeichen mit reduzierter Mehrdeutigkeit, mittlerer Mehrdeutigkeit und großer
Mehrdeutigkeit definiert und durch die neuartigen Algorithmen einer Klassifizierung
unterzogen. Kombinationen zwischen sEMG und FMG bzw. zwischen sEIM und
FMG erreichen dabei in den Fällen der klein- und mittelmehrdeutigen Zeichensammlung selbst bei Daten von mindestens 20 Probanden eine Genauigkeit von insgesamt
100%. Für den Fall einer hohen Mehrdeutigkeit ist jedoch eine gezielte Reduktion der
Mehrdeutigkeit durch Ausschluss von Handzeichen mit hoher Ähnlichkeit notwendig.
Aus der Menge von 20 Gesten mit hoher Mehrdeutigkeit und nach Ausschluss von
jeweils einem Handzeichen aus 6 mehrdeutigen Gestenpaaren und dem mehrdeutigen
Zeichen ’Z’ blieben 13 Zeichen, darunter Buchstaben und Zahlen, die von 40 Probanden mit 2 sEMG- und 8 FMG-Sensoren erhoben wurden. Nach der Reduzierung der
Mehrdeutigkeit erreichte das RKTGEL eine Gesamtgenauigkeit von 97%.
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Abstract
The recognition of hand signs is important for several applications. Myographic
methods, such as surface electromyography (sEMG), force myography (FMG) and
surface electrical impedance myography (sEIM) deliver interesting physiological
signals, can build the basis for hand signs recognition and are subjected to investigation by a limited number of sensors at suitable positions and adequate signal
processing algorithms for perspective implementation in wearable embedded systems.
A database has been collected with measurements of American sign language (ASL)
gestures at the forearm and wrist of more than 100 healthy persons in total.
Novel classification methods have been developed based on Extreme Learning Machine (ELM) supported by a grasshopper optimization algorithm (GOA) as a core
weight pruning process. A K-tournament selection strategy introduced to the GOA
ensures its population’s diversity. The K-Tournament Grasshopper Optimization Algorithm (KTGOA) has been further improved for discrete optimization problems and
implemented to select the ELM weights as a K-Tournament Grasshopper Extreme
Learner (KTGEL). To improve the balance between exploration and exploitation,
the balancing coefficients of the KTGEL are subjected to uniform randomization.
The resulting Random K-Tournament Grasshopper Extreme Learner (RKTGEL) is
a novel classifier with a simultaneously automated feature selection.
In a first stage and based on the conventional ELM method, the number of sensors
and their positions have been investigated. For FMG, it has been shown that 8
sensors are suitable, for sEMG, only 2 sensors are suitable and for sEIM, 4 equidistant
electrodes are suitable for measurements in the frequency range from 1 kHz to 4 kHz.
In a second step, different collections of hand signs having reduced ambiguity, middle
ambiguity and great ambiguity have been defined and subjected to classification by
the novel algorithms. Combinations between sEMG and FMG or between sEIM and
FMG reach thereby an accuracy of 100% in the cases of small and medium ambiguous
signs collection even with data collected from at least 20 subjects. However, for the
case of a high ambiguity, a targeted reduction of ambiguity by excluding hand signs
with a high similarity is necessary. From the set of 20 gestures with a high level of
ambiguity and after excluding respectively one hand sign from 6 ambiguous gesture
pairs and the ambiguous sign ’Z’, 13 signs remained including letters and numbers
collected from 40 subjects with 2 sEMG and 8 FMG sensors. After reduction of
ambiguity, the RKTGEL reached an overall accuracy of 97%.
Key words: Extreme Learning Machine, Grasshopper Optimization Algorithm,
Tournament Selection Strategy, Surface Electromyography, Force Myography, Surface Electrical Impedance Myography, Automatic Feature Selection, Hand Gesture
Recognition, American Sign Language.
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CHAPTER 1
Introduction

Hand gestures are part of behavioral attributes that are authentic, distinguishable
and have unique physiological patterns. In fact, hand gesture recognition is important
in several applications such as sign language, mobile security systems, smart home
and other IoT based applications. In addition, hand gesture recognition involves
several challenges concerning sensors and machine learning algorithms, which need to
fit for different persons. Hand signs recognition is a sub-topic of gesture recognition,
which is dedicated to mainly communication between persons or between persons
and machines and robots. Hand sign recognition is useful e. g. for communication
over long distances, in noisy environments and in communication with people having
disabilities. Identifying hand signs with camera based signals is under such conditions challenging and suffers from limited resolution, big distances and varying
light conditions. To overcome these limitations, new methods and systems can
provide interesting solutions for hand sign recognition. Thereby myographic measurement methods and sensors can be of a big importance. Techniques such as surface
electromyography, force myography and surface electrical impedance myography
show a promising performance for gesture detection, even if only a few investigations are existing nowadays for sign language recognition based on myographic signals.
For hand sign classification, the machine learning algorithm needs to find the suitable
feature subset and to realize a high classification accuracy. The majority of investigations adopted a features selection based on meta-heuristic optimizations methods
in binary format. The classification accuracy depends on many factors including the
gestures types and number, the measurement accuracy of the myographic signals
and the choice of the classifier itself. Furthermore, the classification method should
be suitable for solving multi-class problems with a minimal calculation complexity.
Such property is reported to be insured by the extreme learning machine. The
extreme learning machine is a single layer feed-forward network (SLFN) with randomly generated input weights and biases and an output layer weights calculated
via linear algebra methods allowing the fast training in only one iteration even in
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multi-classification problems. However, ELM suffers from the the incertitude caused
by this random weight generation. To solve this problem, many optimization methods
were suggested in the literature including controlling the randomization and pruning
the hidden nodes. However, the weight pruning is not yet studied.

1.1 Motivation
Several technologies are nowadays in the focus of interest to facilitate human-machine
and human-human communication in several applications, such as in human care,
medicine, medical rehabilitation, cyber physical systems, human robot interactions
and virtual reality. Thereby an interesting approach is to realize wearable systems,
which can be used in different environments indoor and outdoor, and facilitate hand
gesture and hand sign recognition.
Even if some sensor solutions could achieve hand sign recognition, their realization
remains very challenging due to complexity. By the development of wearable system
for hand sign recognition, tow main conditions should be at least fulfilled: Efficient
sensor system design and light machine learning algorithm with good accuracy.
To realize such important requirements, the choice of sensor types, numbers and
positions is a challenging task that requires the study of different possibilities of
standalone systems and sensor combination. Also signal processing and features
extraction, evaluation and selection methods are mandatory to be studied. All along
with the choice of a fast and accurate machine learning algorithm that could be
implemented on portable systems.
Both traditional machine learning and deep learning methods require complicated
parameter tuning [54], [86]. Moreover, due to their complicated mathematical calculations and learning process, methods such as Support vector machines (SVM)
and back-propagation or deep leaning based artificial neuronal networks (ANN), are
costly in terms of calculation time and processor capabilities, which is not ideal for
an embedded system. Thus, a simpler but efficient algorithm has to be developed.
Extreme learning machine could offer a good base to create an optimal classifier with
fast calculation and sufficiently light model to be implemented in embedded solutions.
The gap on ELM optimization is identified as the weight pruning studies, which
could be considered as a selection problem. Moreover, newly proposed meta-heuristic
optimization algorithms are increasingly adopted for feature selection problems, that
share the same idea with the weight selection idea. Hence the feasibility of this idea
was estimated to be highly successful.

2

1.2 Problem Statement

1.2 Problem Statement
For realizing hand sign recognition with a good performance, several challenges need
to be overcome concerning the definition of the suitable physiological biosensors
and their positions, the definition of measurement procedures and how to reduce
the hardware and software complexity to avoid user discomfort by enabling the
realization of light, low-energy and non-bulky systems.
Because the signals of physiological biosensors are relatively weak and their signal
course seems at first to enigmatic and not directly identifiable, the first question,
which needs to be addressed is the feasibility of gesture recognition and the possibility
to distinguish a certain number of gestures from each other in spite of the relative
small changes of the corresponding physiological signals. One important issue thereby
is the optimisation of the measuring position and the number of sensors. It can
be expected that this aspect has a great impact on the classification results, but it
has also an important influence on the system complexity in terms of hardware and
software. This is why, it is worth to investigate the minimal number of sensors and
their optimal positions and to spend a big effort for optimizing the signal processing
for hand sign recognition. Thereby, just applying automatic data mining and deep
learning algorithms or using just raw data is not robust and reliable. Several aspects
need to be addressed and well investigated including signal pre-processing, feature
extraction and evaluation, feature selection and classification.
For all these investigations a representative data base needs to be elaborated, as there
are no exiting benchmark data bases for hand sign measurements. To begin with
its elaboration, is would be useful to begin with easy signs first and than to more
complicated signs. The data collection is crucial and needs a standard well-thought
methodology applied on several healthy patients.
Because the classification results are strongly dependent on the interlocked interaction
between data base quality, measurement procedure and signal processing, it is not
necessary to use the same methodology for every type of physiological biosensors.
An optimized methodology has to be defined for every method before a comparison
between the methods can be made.
As machine learning method for hand sign classification, Extreme Learning Machine
algorithms are fast and accurate and have several advantages compared with traditional machine learning methods and neural networks. They could realize a higher
accuracy and could be implemented on embedded systems. However, this algorithm
presents a major drawback, which is the incertitude of its optimal performance. This
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incertitude is generated by the random process of weight tuning in this algorithm.
Some suggested solutions tend to replace this randomness by controlled metrics.
However, this randomness is crucial on the ELM training speed and efficiency. An
interesting question is therefore if this method can be appropriate for hand sign
classification as it is or if it can be used as a basis method, which need to be improved
to reach the necessary accuracy and practicability for perspective implementation on
embedded systems and wearables.

1.3 Thesis Objectives and Focus
This thesis main focus is on the suggestion of a new way to optimize ELM without
influencing the randomness of weights generation in the initialization phase of the
algorithm. This thesis also focuses on the study of myographics such as surface
electromyography, force myography and surface electrical impedance myography as
input signals for the sign gesture recognition algorithm in terms of sensors position
and numbers in first place then in terms of signal processing, feature extraction and
feature evaluation. The last objective of this thesis is to find an optimal algorithm
for feature selection and classification problems. Thereby, this work aims to:
• Explore various myographic methods, namely sEMG, FMG and sEIM for hand
sign detection with the general focus is to reduce the sensor number and the
hardware complexity to insure the portability of perspective measurement
system, as well as guaranteeing a light signal processing methods that are
suitable for embedded systems.
• Optimize the ELM by proposing a connection pruning method based on the
meta-heuristic optimization algorithm named Grasshopper optimization algorithm (GOA) in its binary format.
• Optimize the GOA population diversity and balance between it exploration
and exploitation processes and implement the new enhanced GOA in binary
format for a simultaneous ELM weight selection and feature selection from the
various myographic methods for hand sign recognition.

1.4 Thesis Overview
After this first introductory chapter, this report in organized on five chapters and a
conclusion. The second chapter presents an overview of hand gesture recognition
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in the state of the art including the detection systems, sensors and features for the
various myography measurements techniques, the feature evaluation methods in
sensor based hand gesture recognition literature, the machine leaning used methods
and limitations.The third chapter focuses on the extreme learning machine from its
theory to its versions, existing optimizations and limitations. The fourth chapter
provides a description of the proposed approach to optimize the ELM with its
theoretical background and the proposed new selection method based on grasshopper
optimization algorithm modifications. whereas chapter five details the preliminary
work needed for the data collection including the investigation of the sensor number
and position for the three used myography methods, as well as the description of the
benchmark databases used in the proposed algorithm validation and a presentation
of the American sign language alphabet used to create the database. The chapter
six is the last chapter before the conclusion, it presents the experimental results
for the different proposed algorithms in this work and their discussion. This report
also includes three appendix: the first includes details about the algorithms used to
compare the performance of the proposed algorithms, the second includes the Moore
Penrose Generalized inverse used for the ELM output matrix calculation and the
third describes the sEMG sensor design requirements.
sEMG
sEIM
FMG
ELM
GOA
KTGOA
KTGELM
KTGEL
RKTGEL

surface ElectroMyoGraphy
surface ElectroImpedance Myography
Force MyoGraphy
Extreme Learning Machine
Grasshopper Optimization Algorithm
K-Tournament Grasshopper Optimization Algorithm
K-Tournament Grasshopper Extreme Learning Machine
K-Tournament Grasshopper Extreme Learner
Random K-Tournament Grasshopper Extreme Learner
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CHAPTER 2
Hand Gesture Recognition based on Myography

Hand gesture recognition systems have become a focus center in the recent few years
due to the variety of their applications and use fields, as compared with keyboard
and mice, for example, gestures are considered a more natural, easy and attractive
way of Human-Machine Interaction (HMI). Moreover, a hand gesture recognition
system includes two main parts: The gesture detection part, including sensors and
acquisition systems, and the gesture identification part, including feature extraction,
evaluation of feature-target correlation and gesture prediction. This chapter includes
an overview of methods and systems used for hand gesture recognition including a
discussion of its limitations.

2.1 Hand Gestures
Hand gestures is a particular sign language, which is not only approved among deaf
community for communication between humans but also in general between human
and machines. This language represents compressed information that should be
decoded and recognized between both sender and receiver. In order to capture and
understand its meaning, a comprehensive understanding of the terminology and the
physiology backgrounds besides the characteristic of its acquisition systems should
be maintained.
2.1.1 Terminology, Anatomy and Physiology Backgrounds
The generalized term "gesture" actually refers to two different meanings: posture
and motion. Hand posture is a static hand position represented by a single state
without any involvement of movements, while hand motion is defined as a dynamic
movement consisting of sequences of hand postures over a short span of time [236].
An example of hand posture and hand gesture can be illustrated in Figure 2.1
where stretching out the left and right hand with all fingers abduction and keeping
this position is a kind of hand posture while making the fingers deviation or abduction/abduction and making wrist extension or flexion can be regarded as hand motion.
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Figure 2.1: Example of hand postures and hand motions [190]

From an anatomy perspective, the muscles originating in the forearm shown in Figure
2.2 are responsible for moving the wrists, hands, and fingers. The muscles in the
anterior compartment of the forearm (anterior flexor compartment of the forearm)
originate on the humerus and insert onto different parts of the hand. These make up
the bulk of the forearm. From lateral to medial, the superficial anterior compartment
of the forearm includes the flexor carpi radialis, palmaris longus, flexor carpi ulnaris,
and flexor digitorum superficialis. The flexor digitorum superficialis flexes the hand
as well as the digits at the knuckles, which allows for rapid finger movements, as in
typing or playing a musical instrument. The deep anterior compartment produces
flexion and bends fingers to make a fist. These are the flexor pollicis longus and the
flexor digitorum profundus. The muscles in the superficial posterior compartment of
the forearm (superficial posterior extensor compartment of the forearm) originate on
the humerus. These are the extensor radialis longus, extensor carpi radialis brevis,
extensor digitorum, extensor digiti minimi, and the extensor carpi ulnaris. The
muscles of the deep posterior compartment of the forearm (deep posterior extensor
compartment of the forearm) originate on the radius and ulna. These include the abductor pollicis longus, extensor pollicis brevis, extensor pollicis longus, and extensor
indicis [26].
Physiologically speaking, a hand gesture is a result of a succession of contractions and
reflections of the hand skeletal muscles. The Figure 2.3 shows the internal structure
of those muscles, which are composed of bundles of muscle fibers, including many
myofibrils. A myofibril also contains contractile units called sarcomeres that run
adjacent to one another down the length of the myofibril. Each sarcomere consists
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Figure 2.2: Forearm muscles [26]

of alternative thick and thin protein filaments giving skeletal muscle its striated
appearance. The muscle contracts when those filaments slide past each other. The
thick elements are the myosin, which are anchored at the center of the sarcomere
and the thin filaments are composed of the protein actin [200], [90].
The mechanism of muscle contraction presented in Figure 2.4 begins when a signal
from the nervous system arrives at the neuro-muscular junction. Calcium ions diffuse
into the axon terminals to release neurotransmitter (Ach), and that causes the
opening of sodium ion channels, which lead to an action potential in the sarcolemma.
The electrical impulse travels down the T tubules and opens calcium stores. The
thin actin filaments are associated with regulatory proteins called troponin and
tropomyosin. When a muscle is relaxed, tropomyosin blocks the cross-bridge binding
sites on actin, and when calcium ion level is high enough and ATP is present, the
myosin head extends and can attach to a binding site on actin, forming a cross-bridge.
An action called the power-stroke is triggered, allowing myosin to pull the actin
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Figure 2.3: Skeletal muscle structure [26].

filaments toward the M line, thereby shortening the sarcomere. ADP and inorganic
phosphate are released during the power stroke. The myosin remains attached to
actin until a new molecule of ATP binds, freeing the myosin to either go through
another cycle of binding or more contraction or remain unattached. During the
muscle relaxation, Ca++ ions are pumped back into the SR, which causes the
tropomyosin to re-shield the binding sites on the actin strands. A muscle may also
stop contracting when it runs out of ATP and becomes fatigued [26].

Electromyography signals (EMG), also referenced as myoelectric activities, are the
measured electric currents generated from the previously described various contraction
steps. The quick or instantaneous response of skeletal muscle is fueled by stimuli in
the neurons to the muscle and is usually fall under the category of self or voluntary
actions. These muscle fibers have several billions of neurons for their primary purpose,
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Figure 2.4: Muscle contraction and relaxation phenomena [26]

i.e., contraction. These neurons are known as “motor neurons”. They appear to be
in contact with the muscles but are separated by a gap and are not attached to the
muscle tissues. A single motor neuron provides signals to multiple muscle fibers to
perform actions [178].
2.1.2 Measurement Systems
Hand gesture detection systems can be divided into two categories: Vision-based
systems (camera [227], Kinect sensors [166], [248], Leap Motion Controller [228],
[19]), and sensor-based systems (data gloves with sensors [158], [5], inertial sensors
[207], FMG Sensors [75], EMG sensors [118], [231] etc). However, devices like gloves
or vision sensors have high limitations in relation to the measurement environment
and the user comfort, which makes them unsuitable for embedded and portable
systems such as intelligent prostheses for amputees as an example. Generally, in
vision-based systems for hand gesture recognition, the whole image of the hand and
fingers is captured and tracked by cameras and segmentation method should be
applied to extract features from the image. Finally, a gesture judgment based on
the extracted features will be established and the recognition of hand gesture will
be achieved [199], [117]. However, vision sensors have occlusion problems. Even

11

Chapter 2 Hand Gesture Recognition based on Myography

though there are several data types for building a hand gesture model based on
a visual gesture detection system, the complexity of image processing and lack of
capability and accuracy of proposed models, as well as the latency of the process
[181], lead to the conclusion that such systems are not ideal for the design of a
real-time device. Moreover, the noisy background and complex circumstances a
visual system will be facing in the working environment of portable devices, which
vary from illumination, occlusion dynamic or moving objects in the background, will
require more processing and computational resources than possibly provided by the
current technology. Therefore a vision-based system cannot be considered a suitable
solution for portable hand gesture recognition systems.
As hand gesture is complicated and can not be easily represented by one simple image
model, in addition to all previously discussed problems for vision-based human hand
gesture tracking and recognition, researchers tried to find more suitable technologies
for wearable and real-time systems design. Data glove devices based on flex strain
sensors and / or pressure sensors and / or inertial sensors, such as the one shown in
Figure 2.5 is the main proposed solution [180], [168]. However, the glove system has
two major limitations: First, this recognition system requires people to wear sensors
sacrificing the natural feeling of the hand, and second, this system strikes a balance
between accuracy and number of the hand gestures and number of sensors attached
to the glove as they are generally based on the gesture-sensor values mapping [180],
[168].

Figure 2.5: MST "U Can Control" data glove [180]

More developed data gloves [14] exploited surface electromyography (sEMG) sensors
to overcome the sensor number to gesture number complex relativity as even though
sEMG signal is covered with noise, the original information of hand movement is
directly carried by the output signals of this myography measurement technique.
Another glove based on force myography (FMG) developed by [225] showed good
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accuracy for fingers movement detection with several miss-classifications during
the whole hand movements recognition, which was solved by adding the sEMG
commercial 8-channel band named Myoband in parallel with the glove. However, the
user comfort is always a big limit of glove systems and it is proposed to be solved by
placing the sensors on the wrist or the forearm as a bracelet system.
2.1.3 Myographic Measurement Methods
The term myography refers basically to a data collection method permitting the
characterization of a muscle during its contraction [62]. There exist multiple forms
of myography, and each has its properties, advantages and limitations, and they are
mainly:
• Mechanomyography (MMG),formerly named acoustic myography, measures the
muscle vibration generated by the lateral oscillations of muscle fibers during
contraction [146]. It was implemented for muscle fatigue monitoring [125] and
motion patterns classifying [244]. Typically, MMG analysis requires a complex
and big amount of processing [62], and only recently, due to the technology
development, some researchers started proposing new hardware and software
solutions for MMG implementation for muscle activity recognition. [146].
• Sonomyography (SMG), also named Ultrasound Myography (UMG), detects
the muscle thickness change by the Doppler ultrasound measurement of the
muscle velocity during movement, which reflects the muscle force production
level [88], [152]. SMG has been mainly used for clinical applications [88] and
prostheses control [46], [64]. However, ultrasound waves cause a heating effect
over time, which can lead to lesions on the exposed tissue [88], and only recently,
systems with a suitable size for commercial prostheses have been proposed by
scientists [64].
• Electromyography (EMG) records the muscular electrical activity produced
during the muscle depolarization. EMG could be performed in an invasive way
using intramuscular electrodes or in a non-invasive way using surface electrodes
[211]. Hence, the surface electromyography (sEMG) technique is based on
recording the information content available in muscle action potentials as a
convoluted signal collected at the muscle surface [178].
• Force Myography (FMG) is a technology that has been recently developed for
hand gesture recognition [62]. It utilizes pressure [234] or strain sensors [163]
to register the volumetric changes induced during muscle activity. As the hand
exerts a force, the corresponding muscles produce deformations on the skin’s
surface leading to a deformation in the sensor’s surface that can be translated
into corresponding changes in voltage.
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• The surface electrical impedance myography (sEIM) is an established clinical
method for neuro-muscular disease diagnosis [141], [74] and one of the newest
methods to study muscle contraction state [131]. Basically, it consists of the
injection of a low intensity sinusoidal electrical current into the target muscle at
a set of frequencies in which the impedance is calculated based on the measured
resulting voltage. This technique presents many advantages as it is painless
and can be used non-invasively [184]. Moreover, it shares the general principle
of the bio impedance spectroscopy, which has many proposed wearable [101]
and embedded [132] measurement systems that could be investigated to collect
the sEIM for gesture recognition.
This work aims to prepare a signal processing and classification part suitable for an
embedded and portable hand gesture recognition system that should be user friendly
and for public use. Hence, only the myography techniques offering this possibility with
available hardware and sensor prototypes, which are the surface electromyography,
the force myography and the surface electrical impedance myography, are considered.

2.2 Surface Electromyography (sEMG)
Considering the sensor design conditions detailed in appendix C and the focus of the
thesis which is the classification algorithm optimization and the time constrain for
sensor development and test, the use of open-source commercial sEMG sensors for
surface EMG collection was decided. A brief study of the options in the market and
some critical scientific papers, led to the conclusion that the Myoware muscle sensor
is the most suitable sensor in the market, in terms of cost and research requirement.
In fact, sensors such as IX-BIO8 Sensor, Trigno™ Mini by DelSys, Surface EMG
Sensor SX230 and other options in the market are either more expensive, not portable
or have a limitation in real-time signal acquisition. In addition, the majority of the
other sensors are not based on open-source or wireless platforms, which is desirable
to encourage their development and usability for diverse research applications [120].

Figure 2.6: Myoware sensor layout
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The “Myoware Muscle Sensor” (see Figure 2.6) has a wearable design that allows
the user to attach biomedical sensor pads directly to the board itself eliminating
electrodes’ cables. The sensor operates with a single-supply voltage of +3.1V to
+5V. Thus, it does not need positive and negative voltage power supplies, and it
can be plugged directly into 3.3v through 5v development boards. Also, it has its
protection and safety integrated circuit so that the sensor chips don’t burn out when
the power is accidentally connected backwards. Hence, the "Myoware" sensors were
used in this work in connection with Teensy Boards to perform the surface EMG
collection for hand gestures.
In order to use the sEMG signal efficiently, a feature extraction technique is mandatory as a significant step to achieve a good classification performance. The variation
of the information extracted from sEMG records depends on the strength of muscles
activity and the health of the muscles and nerves. It is proved that persons with
neuron disease show a higher integrated sEMG and RMS (Root mean square) values,
while persons with defected muscle fibers have sEMG signals showing less Root
Mean Square, mean and variance for both time and frequency domains compared to
healthy persons’ signals [120], [68]. Thus, it is important to mention that this study
focuses only on neuro-muscular healthy subjects.
Feature Extraction is generally a data compression or reduction process that helps in
reducing the number of resources required to analyze an input signal. Implementing
feature extraction allows researchers to represent specific behaviors or patterns
depicted by the raw signal, or create a compact and useful representation of the raw
sEMG [118], [246]. From the state of the art of sEMG use in different applications,
it was remarked that feature extraction techniques applied to sEMG signals could
be grouped by domain to:
• Time Domain
Signal processing in the time domain usually involves extracting features from a
specific time window containing N discrete-time samples. The time window can
be randomly selected. The most basic features which could be extracted from
the signal would be its statistical properties such as mean, standard deviation
and variance, etc. In addition, there are various application-specific feature
extraction techniques in the time domain, such as auto-regressive modeling and
morphology feature extraction. Moreover, time-domain features are generally
faster to execute and more feasible in embedded systems because they don’t
need any transformation. Features in the time domain are extensively used in
the field of biomedical engineering, medical researches and clinical practices as
they have a good classification performance and less computational complexity
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than features in the frequency domain [105], [220]. Moreover, time-domain
features are frequently used as a muscle force detection tool, whereas their
performance in detecting muscle fatigue is a major drawback for these features
[218].
• Frequency Domain
Frequency-domain features indicate the change rate of the signal values and its
spectral composition. The transformation used in biomedical signal analysis is
the Fourier transform, which converts any given sEMG time-domain signal into
a sum of an infinite number of sinusoidal waves. Fourier transform provides the
information about frequencies existing in the signal and their ratios. There are
various methods derived from Fourier transform like Discrete Fourier Transform
(DFT) and Discrete-time Fourier Transform (DTFT) that could also be applied
on the sEMG to extract its frequency-domain features. Moreover, frequencydomain features represent the statistical properties of the power spectral density
in surface sEMG signal [105], [218], [170].
• Time-Frequency Domain
Time domain and frequency domain only represent low-level features of the
signal. These features do not represent the non-stationary characteristics, and
they provide only all-round information which roughly classifies the signal. The
real world sEMG signal is non-linear and non-stationary. So, in order to represent the non-stationary part of the signal, the Time-Frequency transformation
should be applied to find the small signal regions where signals are overlapped
with varying characteristics. Various methods have been used in order to realize
the time-frequency analysis of the sEMG signals, among them, mainly Wavelet
Transform [246] and the decomposition of the signal, which generally means
to breakdown the signal into appropriate individual components. This last
method is used for decomposing non-linear, non-stationary input signal into
multi-component to analyze the signal by extracting its hidden feature from
them. Methods such as Empirical Mode Decomposition (EMD) or Intrinsic
Time scale decomposition (ITD) could be implemented to extract features from
the time-frequency domain representing the signal energy [171], [194], [233].
• Entropy Domain
Entropy-domain features in signal processing are applied to deal with the unique
nature of physiological signals such as non stationary, event detection, and
disturbance. This domain is used to measure uncertainty in a system. Typically
probability measures are obtained simply from unprocessed amplitude of biomedical signals. With wavelet entropy, for example, probabilities are assigned
as the energy of each frequency band in the signal. This energy provides
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information about hidden active processes in the muscle, more specifically
about concurrent and disorder behavior of different cells [171], [233].
The collection of the widely used features (see Tables 2.2, 2.3, 2.1 and 2.4) in sEMG
based applications, including hand gesture recognition and person identification in
the literature, is extracted from each signal where N is the length of the sEMG signal
and 𝑥𝑛 represents the sample n of the sEMG signal [233],[218], [170], [9], [122], [178],
[172], [114], [15].
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Table 2.1: Typical frequency domain features of sEMG [233],[218], [170], [9], [122],
[178], [172], [114], [15]

Features
Power Spectrum Ratio

Formula and descriptions
It measures the ratio between the maximum value and
the whole energy of the EMG power spectrum.
𝑃 𝑆𝑅 =

Peak Frequency

∑︀𝑓0 +𝑛

𝑃0
𝑃

𝑗=𝑓 −𝑛

=

0
∑︀𝑗=+∞

𝑗=−∞

𝑃𝑖

𝑃𝑖

It is the frequency value where the maximum power
value appears.
𝑃 𝐾𝐹 = 𝑚𝑎𝑥(𝑃𝑗 ) , 𝑗 = 1, ..., 𝑀
2

𝑃 𝑆𝐷[𝑛] = |𝑋[𝑘]|
𝑓𝑠 ·𝑤𝑠
∑︀
Power Spectral Density where 𝑋[𝑘] = 𝑁 𝑥(𝑤𝑠 )𝑒(−2𝜋𝑖(𝑠−1)(𝑘−1))/𝑁 and N is the
𝑠=1
length of the frequency window.
Mean frequency is defined as the average of all
frequency components which are obtained by the sum
of product (SOP) of the EMG power spectrum and the
frequency divided by the total sum of the spectrum
Mean Frequency
intensity. ∑︀
𝑀𝑁𝐹 =

𝑀
𝑗=1

∑︀𝑀

𝑓𝑗 𝑃𝑗

𝑗=1

𝑃𝑗

Median Frequency

Median frequency is a frequency that divides the
spectrum into two regions with equal amplitude. It is a
characteristic
feature of the EMG
∑︀𝑀 signal.
∑︀𝑀 𝐷𝐹
∑︀
𝑀
1
𝑃
=
𝑃
=
𝑗
𝑗
𝑗=1 𝑃𝑗
𝑗=1
𝑗=𝑀 𝐷𝐹
2

Spectral Moment

It evaluates the potential fatigue damage from response
power spectral
density.
∑︀
𝑖
𝑆𝑀𝑖 = 𝑁
𝑗=1 [𝑃𝑗 𝑓𝑗 ]

Average Power

𝐴𝑃 =

1
𝑁

𝑁
∑︀

X[n] It evaluate the average of power

𝑛=1

spectral density.
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Table 2.2: Selection of general time domain features [233],[218], [170], [9], [122], [178],
[172], [114], [15]

Features
Mean Absolute Value

Root Mean Square

Skewness

Simple Square Integral

Average Amplitude Change

Formula and descriptions
Measure the average value of the contraction level
of the sEMG
∑︀signals
𝑀 𝐴𝑉 = 𝑁1 𝑁
𝑛=1 |𝑥𝑛 |
RMS of sEMG signal is the Square of the average
value of the
level
√︁ contraction
∑︀
2
𝑅𝑀 𝑆 = 𝑁1 𝑁
𝑛=1 (𝑥𝑛 )
Skewness is the measure of asymmetry of a signal
by calculating the third order cumulative of the
sEMG signal. It is based on the distribution of
sEMG samples.
1 ∑︀𝑁
(𝑥 −𝜇)3
𝑆𝐾𝐸𝑊 = 𝑁 𝑛=1𝜎3 𝑛
SSI is measuring the complete value of contraction
level ∑︀
2
𝑆𝑆𝐼 = 𝑁
𝑛=1 |𝑥𝑛 | .
AAC is the summation of difference of consecutive
data points ∑︀
in the distribution of EMG signal
−1
𝐴𝐶𝐶 = ( 𝑁1 𝑁
𝑛=1 |𝑥𝑛+1 − 𝑥𝑛 |)

Temporal Moment 3

The third temporal moment is the summation of
the data distribution
raised to the third order
∑︀
3
𝑇 𝑀 3 = | 𝑁1 𝑁
𝑛=1 (𝑥𝑛 ) |

Temporal Moment 5

The fifth temporal moment is the summation of the
data distribution
raised to the fifth order
∑︀
5
𝑇 𝑀 5 = | 𝑁1 𝑁
𝑛=1 (𝑥𝑛 ) |

Variance

It measures the density power of
in
∑︀sEMG signals
2
the time domain. 𝑉 𝐴𝑅 = 𝑁 1−1 𝑁
𝑛=1 |𝑥𝑛 − 𝜇|
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Table 2.3: Typical time domain features of sEMG [233],[218], [170], [9], [122], [178],
[172], [114], [15]

Features
Standard Deviation

Kurtosis

Number of Turns

Zero Crossing

DASD Value

Waveform Length

Myopulse

20

Formula and descriptions
It is the square root of variance. It measures the
fluctuation
√︁ level∑︀of EMG signals.
¯ )2
𝑆𝑇 𝐷 = 𝑁 1−1 𝑁
𝑛=1 (𝑥𝑛 − 𝑥
Kurtosis is the measure of peakness of probability
distribution or the measure of fourth order cumulative of
the EMG signal.
1 ∑︀𝑁
(𝑥 −𝜇)4
𝐾𝑈 𝑅𝑇 = 𝑁 𝑛=1𝜎4 𝑛
It is based on the distribution of EMG samples.
NT is the number of changes in the sign of the slope ,
which is
number of sEMG signal peaks.
∑︀the
−1
𝑁𝑇 = 𝑁
𝑖=1 𝑢(−𝑥𝑖 𝑥𝑖+1 )
ZC is a representation of frequency information of the
signal in
time domain
∑︀ the
−2
𝑍𝐶 = 𝑁
𝑖=1 𝑢[(𝑥𝑖+1 − 𝑥𝑖 )(𝑥𝑖+1 − 𝑥𝑖+2 )]
Zero crossing is the count of times that amplitude values of
the EMG signal cross zero amplitude level. In order to
eliminate voltage fluctuations or background noises, a
threshold can be used in the calculation.
Difference in Absolute Standard Deviation in the signal
wavelength √︁
∑︀ −1
2
𝐷𝐴𝑆𝐷𝑉 = 𝑁 1−1 𝑁
𝑛=1 (|𝑥𝑛+1 − 𝑥𝑛 |) . It is a derived
feature from ACC.
Waveform length is a measure of complexity of the EMG
signal. It can be called as the cumulative length of the
sEMG waveform under consideration over the time axis
segment∑︀i.e with respect to time.
−1
𝑊𝐿 = 𝑁
𝑛=1 |𝑥𝑛+1 − 𝑥𝑛 |
MYOP is the average of the number of times that the
sEMG signal ∑︀
exceeds a predefined threshold of 0.01.
𝑀 𝑌 𝑂𝑃 = 𝑁1 𝑁
𝑖=1 [𝑓 (𝑥𝑖 )]

2.2 Surface Electromyography (sEMG)

Table 2.4: Selection of typical features [233],[218], [170], [9], [122], [178], [172], [114],
[15]

Features
Log Detector

Formula and descriptions
It provides the estimations of muscle contraction
force.
1 ∑︀𝑁
𝐿𝑂𝐺 = 𝑒 𝑁 𝑖=1 𝑙𝑜𝑔|(𝐸𝑀 𝐺𝑖 )𝑗 | , 𝑗 = 1, ..., 𝐶
𝑗

Minimum

Signal to Noise Ratio

Mean Absolute Deviation

Median Absolute Deviation

V-Order

Auto-Regression Coefficient

𝑀 𝐼𝑁 = min{X1,X2, . . . , XN}
It is used to calculate the maximum value of the
data sample.
The signal power and noise power are estimated
separately for EMG Signals.
𝐺𝑝𝑜𝑤𝑒𝑟
𝑆𝑁 𝑅 = 𝑠𝐸𝑀
𝑁 𝑜𝑖𝑠𝑒𝑝𝑜𝑤𝑒𝑟
The average of the absolute deviations of data
distribution∑︀
of the EMG signal from their mean.
𝑀 𝐴𝐷 = 𝑁1 𝑁
𝑛=1 |𝑥𝑛 − 𝜇|
The median absolute deviation (MeAD) is a robust
measure of variability into sEMG data distribution.
𝑀 𝑒𝐴𝐷 = 𝑚𝑒𝑑𝑖𝑎𝑛(|𝑥𝑖 − 𝑚𝑒𝑑𝑖𝑎𝑛(𝑥)|)
The mathematical expression for V feature of an
EMG signal which defines the order of the equation
of the specified EMG signal
1
∑︀
𝑣 (𝑣)
𝑉 _𝑂𝑅𝐷 = ( 𝑁1 𝑁
𝑖=1 (𝑋𝑖 ) )
∑︀
𝑥[𝑛] = (− 𝑝𝑘=1 𝑎𝑘 𝑥[𝑛 − 𝑘] + 𝑒[𝑛])
In the Auto-Regressive model, the signal samples
are calculated by the linear combination of all the
previous samples at a particular instance. This
process essentially computes linear regression
coefficients. It has been proven that the EMG
spectrum varies with respect to muscular
movements like contraction and relaxation that
directly results in the variation in AR coefficients.
Only a few AR coefficients are usually relevant and
contain useful information. Here p is the AR
model’s degree, 𝑎𝑘 are real-valued AR coefficients,
and e[n] is the white noise term, which is
independent of previous samples.
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2.3 Force Myography (FMG)
Since it is possible to perform FMG with either pressure or strain sensors, unlimited
choices of sensors are available. However, in 2006, Amft et al.[10] compared the
Force Sensitive Resistor (FSR) as a pressure sensor with a Fabric Stretch Sensor as
a strain sensor and sEMG for monitoring muscles contraction for grasping, upper
hand activities and object lifting. The feasibility of muscle activity detection by
the stain and pressure sensors as alternatives of the sEMG was confirmed in this
study. Besides, the experimental results had shown that the pressure sensors are
more suitable as a future concurrence of sEMG for gesture recognition applications
as they were able to monitor the contraction of more muscle groups than the strain
sensor. Hence, the FSR pressure sensor for FMG measurement was chosen to be
conducted in this study.
Moreover, as commercial sensors are more suitable with this work aims, a study of
the FSR sensors market and publications was conducted. As the cost for various
FSR sensors were almost similar and the FSR sensor by Interlink Electronics with
the FlexiForce™ by Tekscan Ink, are the most popular commercial sensors, which
were used in 55% of publications about FMG applications until 2019 [235], the sensor
choice range was limited between those both sensors. Their characteristics extracted
from their data-sheets are shown in Table 2.5.
Table 2.5: FSR interlink and Flexiforce properties from data-sheets [235].

Minimum actuation force (N)
Force sensitivity range (N)
Single part force repeatability
Part to part force repeatability
Drift
Hysteresis
Response time (micro s)
Linearity error

FSR Interlink (FSR402)

Flexiforce (FLX-A201-F)

0.1
0.1–10
±2%
±6%
<5% per log10 (time)
+10%
<3
N/A

N/A
0 to 4.4, 0 to 445
±2.5%
±40%
<5% per log10 (time)
<4.5%
<5
<±3%

In 2000 Vecchi et al. compared the previous sensors themselves on several points such
as repeatability, time drift or dynamic force measurement by experimental process.
The results showed that the FlexiForce have better performance in terms of linearity,
repeatability, time drift and dynamic accuracy. However, FSR interlink is more
robust [222]. Another study that compared the same sensors with the LuSense PS3
(Standard 151) sensor was conducted in 2006 and resulted that the FlexiForce have
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not only the highest precision but also the highest noise with the slowest response
time and the highest resistance dropping from the nominal value during subsequent
tests [92]. Hence, each of both sensors has its pros and cons. The choice was based
on the response time as a real-time and fast system is aimed at this study’s outlook.
Thus, the FSR interlink possessing the lowest response time in the data-sheet (see
Table 2.5) and in experiment [92] was chosen to perform the FMG data collection in
this work.

Figure 2.7: Structure of a typical FSR sensor [187]

A typical FSR sensor interlink electronics consists of two layers: The top carbonbased ink layer and bottom conductive substrate layer with a spacer adhesive located
in the middle of the two layers (see Figure 2.7) [187]. Therefore, during FMG
collection, as the hand exerts a force, the corresponding muscles located on the
arm produce deformation on the skin’s surface. These deformations apply pressure
to the surface of the top layer of the FSR, changing its resistance. These changes
in resistance can be translated into corresponding changes in voltage by a voltage
divider structure resulting in the FMG distinct patterns that could be used for hand
gesture recognition with the best sensitivity, which is insured by a reference resistance
of 100 k𝛺 in the voltage divider [21], [187].
FSR have been used for hand gesture recognition often during recent years, sometimes alone [109], sometimes in combination with sEMG [225] or other sensors [63].
During these studies, the sensors have been mostly worn on the forearm or the wrist
[235]. In some rare cases, there was a glove [225]. However, FSR-based hand gesture
recognition studies where practically focusing on grasping [108], upper arm activities
such as pinching or rotations [63] and robotic hand [132] or prostheses control [47].
Also, there were studies comparing grasp- vs. non-grasp-gesture [109]. However, sign
language recognition was rarely investigated with FMG signals and had never been
a focus of any published scientific work except my own conference papers [21], [23]
and [18].
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Among the total 66 publications in Scopus today studying hand gestures and force
myography and the 167 publications on Google Scholar, only 6 publications manifested
when discussing FMG features in each library, with the oldest is from 2017 [189],
while all the others implemented the FMG as raw signals for their studies. The
discussed features for force myography in grasping detection, robot hand control and
gait analysis [189], [107], [103], [83] and [14] are summarized in the Tables 2.6 and
2.7.
Table 2.6: Selection of features for FMG [189], [107], [103], [83] and [14]

Features
Mean Value

Root Mean Square

𝑀 𝑒𝑎𝑛 =

𝑅𝑀 𝑆 =

1
𝑁

∑︀𝑁

𝑛=1

𝑥𝑛

√︁ ∑︀
𝑁
1

𝑛=1 (𝑥𝑛 )

𝑁

2

Zero Crossing

ZC is a representation of frequency information of the
signal in
time domain
∑︀ the
−2
𝑍𝐶 = 𝑁
𝑖=1 𝑢[(𝑥𝑖+1 − 𝑥𝑖 )(𝑥𝑖+1 − 𝑥𝑖+2 )]

DASD Value

Difference in Absolute Standard Deviation in the signal
wavelength √︁
∑︀ −1
2
𝐷𝐴𝑆𝐷𝑉 = 𝑁 1−1 𝑁
𝑛=1 (|𝑥𝑛+1 − 𝑥𝑛 |)

Standard Deviation

Variance
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Formula and descriptions

𝑆𝑇 𝐷 =

𝑉 𝐴𝑅 =

√︁

1
𝑁 −1

1
𝑁 −1

∑︀𝑁

𝑛=1 (𝑥𝑛

∑︀𝑁

𝑛=1

− 𝑥¯)2

|𝑥𝑛 − 𝜇|2

2.3 Force Myography (FMG)
Table 2.7: Selection of features for FMG [189], [107], [103], [83] and [14]

Features
Mean Absolute Value

Coefficients of a Linear Fit

Formula and descriptions
𝑛
∑︀
𝑀 𝐴𝑉𝑘 = 𝑛1
|𝐹 𝑀 𝐺𝑘,𝑖 |
𝑖=1

where i is the sample number from 1 to n, n is
the time window size, and k is the sensor number
The LF for FMG sensors can be calculated by
computationally applying an error minimization
routine to the least-squares residual expression in
𝑛
∑︀
𝐸𝑘 =
[𝐹 𝑀 𝐺𝑘,𝑖 − (𝑎𝑘 + 𝑏𝑘 𝑖)]2
𝑖=1

to solve for fit parameters a and b; where E is
the residual error term of the fit.

Maxmal value

Coefficients of a Parabolic Fit

Maximal sample value in the FMG signal
𝑀 𝐴𝑋 = max{X1,X2, . . . , XN}
PF for each channel can be calculated by
computationally applying an error minimization
routine to the least-squares residual expression in
𝑛
∑︀
2
𝐸𝑘 =
[𝐹 𝑀 𝐺𝑘,𝑖 − (𝑎𝑘 + 𝑏𝑘 𝑖 + 𝑐𝑘 𝑖2 )]
𝑖=1

to solve for fit parameters a, b, and c; where E is
the residual error term of the fit.

2

Power Spectral Density
Median value
Minimum

Auto-Regression Coefficient

𝑃 𝑆𝐷[𝑛] = |𝑋[𝑘]|
𝑓𝑠 ·𝑤𝑠
∑︀
(−2𝜋𝑖(𝑠−1)(𝑘−1))/𝑁
where 𝑋[𝑘] = 𝑁
and
𝑠=1 𝑥(𝑤𝑠 )𝑒
N is the length of the frequency window.
Median sample value in the FMG signal
𝑀 𝐸𝐷 = 𝑚𝑒𝑑𝑖𝑎𝑛{X1,X2, . . . , XN}
𝑀 𝐼𝑁 = min{X1,X2, . . . , XN}
AR reflects the change in the force exerted by
the complex musculo-tendinous and could detect
the temporal change caused by grasping or
releasing an object in the force. Here, p is the
degree of the AR model, 𝑎𝑘 are real-valued AR
coefficients and e[n] is the white noise term
which is independent
of previous samples.
∑︀
𝑥[𝑛] = (− 𝑝𝑘=1 𝑎𝑘 𝑥[𝑛 − 𝑘] + 𝑒[𝑛])
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2.4 Surface Electrical Impedance Spectroscopy (sEIM)
Since the frequency range of hand gestures in general and specifically sign language
recognition is not yet investigated, the general-purpose impedance analyzer Agilent
4294A with 801 frequency measurement points in the interval [1 kHz 10 MHz] is
chosen to perform the sEIM in this work. However, the overview of measurement
conditions and extracted features from sEIM in medical applications and some feasibility studies for gesture detection, is detailed in this section.
In sEIM, closely spaced sensing electrodes on the skin are used in research papers with
two possible configurations: bipolar and tetra-polar [184]: In the bipolar impedance
measurement, a current is injected through a pair of electrodes, and the impedancedependent voltage appearing between these electrodes is measured [179]. However,
in the tetra-polar measurement method, the current is injected through one pair of
electrodes, and the impedance-dependent voltage is measured with a second pair of
electrodes placed between the current injecting electrodes [179].

(a)

(b)

Figure 2.8: Electrodes possible configurations in sEIM [184]: (a) Two-electrodes, (b)
Four-electrodes.

A major advantage of the tetra-polar method over the bipolar method is the reduction
in electrode polarization [179] (this phenomenon is encountered due to the flow of
current through an electrode, which produces an additional voltage that will be
added to the one measured from the tissue alone). However, there is a disadvantage
in this method, which is the lack of knowledge of current paths [184].
One of the major problems facing the surface EIM-based applications is to ensure that
the measurement result is reproducible. In fact, electrodes’ position has a noticeable
influence on the insurance of reproducible and accurate results [35]. In [121] authors
investigated the positions of the electrodes for a repeatable and accurate detection
of the arm movements and proved that electrodes placed on the Palmer view of the
forearm muscles (see Figure 2.2) provide better reproducible measurements than
other positions. Moreover, equidistant four electrodes placement is recommended in
sEIM clinical applications [192].
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The commercial Ag/AgCl gel-based electrodes were reported to facilitate electrochemical reactions and reduce the skin-electrode interface impedance [174], [35]. The
considered electrodes permit the charges to pass through the skin-electrode interface
without restrictions, which helps reduce the signal-to-noise ratio for the recorded
biological signals. Moreover, their small resistivity will serve for determining the
local changes of the specific muscle groups impedance and avoid the overflow of
electrical stimulation to other muscle groups [29].

During sEIM measurements, subjects were generally instructed to: Avoid caffeine
and alcohol for at least 6 hours as they have a direct effect on the muscles contraction
as it acts on the sarcoplasmic reticulum by increasing the calcium permeability
[136]. Fast and not to drink water for at least 2 hours as the bioimpedance increases
significantly after the ingestion of food or fluid [12].

Surface electrical impedance myography (sEIM) is considered among the most promising measurement techniques for clinical uses, e.g., diseases diagnostic, characterization
of biological tissues and muscles condition evaluation [193], [186] and [185]. Although
this technique is still under investigation and research for muscle activity recognition,
it is already providing useful insights on muscle condition in a wide variety of contexts,
proving the out-performance of electromyography (EMG) in terms of sensitivity
to muscle condition change [193]. In its conventional model, the human body’s

Figure 2.9: Conventional model of the human body’s biological medium [31].

biological medium (see Figure 2.9) is essentially composed of three main components:
intracellular resistance, extracellular resistance and a capacitor representing the cell
membranes [184]. At low frequencies, the biological medium’s impedance results
from the change of the extracellular fluid impedance. While at high frequencies,
the current will propagate increasingly through both extracellular and intracellular mediums, which allows the study of conductivity and permittivity for muscle
characterization as features of the surface electrical impedance myography [201], [159].
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Surface Electrical impedance Myography (sEIM) is a non-invasive method used
to characterize muscle tissue’s electrical properties by applying a high frequency,
low-intensity alternating current I into muscle tissue and measuring the voltage V.
While the current is moving in the muscle, energy is dissipated by the presence of
the muscle’s impedance Z by applying Ohm’s law as expressed in the equation 2.1
𝑉 = 𝑍𝐼

(2.1)

The impedance of the muscle expressed in equation 2.2 consists of two parameters,
the resistance (R) and the reactance (X), which have the behaviors shown in Figure
2.10 over frequency. The resistance represents the change in muscle size and shape

Figure 2.10: Resistance and reactance as function of the frequency [149].

as the intracellular and extracellular fluid changes (the real part). The reactance (X)
represents the current flow in the muscle that is affected by a capacitance component
of the cell membranes (the imaginary part) [149]. Moreover, the bio-electrical
impedance follow the Cole-Cole circular arc law expressed in the equation 2.2 where
𝑍∞ and 𝑍0 are resistances based on the conductivity, f is the frequency, 𝑓𝑚 is the
characteristic frequency given at maximal reactance value and 𝛽 is the degree of the
relaxation time distribution [162].
𝑍 = 𝑅 − 𝑗.𝑋 = 𝑍∞ +

𝑍0 − 𝑍∞
1 + (𝑗𝑓/𝑓𝑚 )𝛽

(2.2)

Moreover, the magnitude calculated through the equation 2.3 and the phase shift
calculated through the equation 2.4 are useful features in the study of clinical sEIM
[202].
√
|𝑍| = 𝑅2 + 𝑋 2
(2.3)

𝜑 = arctan(
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𝑅
)
𝑋

(2.4)

2.4 Surface Electrical Impedance Spectroscopy (sEIM)

A comprehensive understanding of forearm muscular modifications during isometric
gripping exercises was presented in [205] based on the relative change of reactance and
resistance of forearm finger flexor muscles, where the relation between the relative
force change Delta F and monitored 𝛥 R and 𝛥 X was studied in the time domain.
In the same direction, T. Nakamura et al. [161] investigated the discrimination of 6
motions based on bio-electrical impedance measurements. In addition, researchers
in [162] investigated the possible discrimination of motions during the throwing of
a baseball using the electrical impedance measurements and proved the ability of
electrical impedance methods in detecting the change in hand gestures (see Figure
2.11).

Figure 2.11: Change ratios of impedance parameters during baseball throwing [162].
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2.5 Feature Evaluation
As defined in [43], a good feature subset is a set that contains features having a high
correlation with the classification, yet they are uncorrelated among each other. By
feature evaluation, the correlation between features and the classification target could
be tested, and features with a good representation of the target could be identified.
Many methods could be used to fulfill this task, and they could be grouped into
graphical, statistical and classifier-based methods.
2.5.1 Graphical Methods
There are different graphical methods used for feature evaluation in general. However,
the most used for gesture recognition applications are the Scatter plot and the Radar
plot, also referred to by spider plot.
2.5.1.1 Scatter Plot
Scatter plots [197] show the distance between groups and the variation of targets
in the feature space. This plot is used in general to observe relationships between
variables in the Cartesian coordination plan. In feature evaluation, scatter plots are
used to highlight the correlation level between the features and their target.
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Figure 2.12: Scatter plots from [20] of: (a) Auto regression coefficient 2, (b) zero
crossing.

The visual evaluation by scatter plot was explored [171] and [20] for EMG timedomain and frequency-domain features evaluation, where both showed that the
feature auto-regression coefficient 2 shown in Figure 2.12 for example, have a poor
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class separability in hand gesture recognition. While the zero crossing, also presented
in Figure 2.12, is an example of a good feature for gesture distinguishing based on
EMG signals.
2.5.1.2 Radar Plot
Radar or spider plot such as Figure 2.13, is a data visualization method, which
is relevant mostly to show the degree of similarity between multiple classes, or
to group variations on multiple variables in a single graph, and it is efficient for
multi-dimensional feature space [188], [176].

Figure 2.13: RMS radar plot of the six channels of EMG signals during a wrist
flexion with three force levels. [118]

In [14] and [118], the radar plot was used to show the classes distinguishing ability
of the FMG and EMG features extracted from different measurement channels at
the same time.
2.5.2 Statistical Methods
There are various statistical feature evaluation methods such as the scattering index
[30] and the Fishers linear discriminate index [164]. However, they are reported to
have a high complexity of computation, while other methods such as the RES index
and the DB index have the main advantages as the higher simplicity of computation
and implementation [169], [164]. Thus, the last two methods were considered more
interesting to explain and use in this work.
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2.5.2.1 RES Index
The RES index [169] is the ratio between Euclidean Distance and Standard Deviation.
It is one of the most used methods in the literature for sEMG feature evaluation
[170], [172], [173]. Mathematically it is defined as shown in equation 2.5 where ED
represents euclidean distance and 𝜎 is the standard deviation between features with
regards to the different classes.

𝑅𝐸𝑆𝑖𝑛𝑑𝑒𝑥 (𝑎,𝑏) =

𝐸𝐷(𝑎,𝑏)
𝜎

(2.5)

In [169] and [173], the EMG temporal features such as WAMP, IEMG and variation
(VAR) were evaluated as more significant for EMG-based hand gesture recognition
than features in frequency domain like the median frequency or the mean frequency.
2.5.2.2 Davies-Bouldin Index
The Davies-Bouldin index (DBI) reports the overlap level between a cluster and its
nearest neighbors [243]. It could be calculated by the equation 2.6 where the lower
the output value is, the higher is the separability [160].
𝐷𝐵𝐼 =

1 ∑︁𝐾
(𝑆𝑖 + 𝑆𝑗 )
1 ∑︁𝐾
max𝑖̸=𝑗 (𝑅𝑖𝑗 ) =
max𝑖̸=𝑗 (
)
𝑖=1
𝑖=1
𝐾
𝐾
𝐷𝑖𝑗

(2.6)

where,𝑅𝑖𝑗 is the value of the cluster-to-cluster similarity, 𝑆𝑖 and 𝑆𝑗 present the respec⧸︀
}︁1
{︁
∑︀
𝑞
𝑞
1
𝑡ℎ
𝑡ℎ
tive dispersion of the 𝑖 and 𝑗 clusters defined as 𝑆𝑖 = |𝑋𝑖 | 𝑥∈𝑋𝑖 ‖𝑥 − 𝑚𝑖 ‖2
with |𝑋𝑖 | is the number of points and 𝑚𝑖 is the mean point of 𝑖𝑡ℎ cluster and q is a
parameter related to the type of the distance used for the dispersion calculation that
is equal to 2 in the case of euclidean distance [30]. 𝐷𝑖𝑗 is the distance between the
mean values of the clusters and K is the total number of clusters.
In [243], the DBI was used the evaluate EMG feature space quality with various time
window sizes where the integral of absolute value (IAV) was evaluated as the worst
feature among zero crossing (ZC), variance (VAR), first auto-regressive coefficient
(ARl), V-order, log operator (LOG), WAMP, and the EMG histogram (HIST), which
was evaluated as the best feature in this study for upper extremity prostheses control.
2.5.3 Classification-based Features Evaluation
Authors using classification methods to evaluate features train their classifiers with
only one feature each time and get the specific feature´s error rate or accuracy for
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the classification. For surface EMG features evaluation, [164] had implemented the
linear discriminate analysis (LDA), and the artificial neural networks (ANN) for
sEMG feature evaluation for six upper limb activities recognition (see Figure 2.14)
was done by the classification error rate. While for FMG features evaluation for
grasping and non-grasping gestures with upper arm activities, the SVM was used,
and its accuracy was the evaluation parameter [189].

Figure 2.14: LDA and ANN classification error rates for evaluated features from
[164].

2.6 Machine Learning for Hand Gesture Recognition
Many researchers achieved hand gesture recognition based on various machine learning methods. In this section, an overview of only the studies that used signals
exploited in this thesis are presented and categorized by the signal name. In addition,
the hand gesture term includes a huge number of gestures with different levels of
force and accelerations from sign language alphabets that generally cover postures
and some slight motions to grasping and upper arm activities that contain interaction with objects and a high level of muscle contraction force. As for the different
myography measurement techniques considered in this work, the high force level
ensures a higher representation of the gesture. Most of the hand gesture recognition
studies in the literature have the focus on grasping and upper arm activities, while
sign language recognition is still an application where more investigations for features
and classification methods are needed. Hence in this section and for the experimental
part of this report, the application focus is chosen to be sign language recognition
and, more specifically, the American Sign Language (ASL) recognition. An overview
of all publications found in Scopus discussing sign language recognition based on
sEMG as a standalone system, FMG as a standalone system, or combined FMG
and sEMG are listed in Table 2.8. Electromyography (EMG) is a well-established
method of muscle activity analysis and diagnosis. Surface EMG is used to develop
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bio-mechanics such as prostheses or robotic hands, and for hand gesture recognition
systems. Furthermore, the use of sEMG signal increases rapidly during the last years
in hand gesture recognition applications with its various types: grasping, upper arm
activities, sign language, etc.
A variety of publications had invested the sEMG and FMG for sign language
recognition via various classification methods. From Table 2.8, it could be seen that
the best accuracy for the highest studied number of gestures (20 and 27) is insured by
8 sensors at least with the highest in [217] is provided by a deep learning algorithm,
While the highest accuracy reached by a machine learning classifier is provided in
[1] by binary SMV (one versus all) or MLP in [112] with only one person. For force
myography, only one publication except for my own papers, which are not presented
on the Table 2.8, presented the sign language recognition by FMG as a standalone
system in [109]. However, the last study was based on raw FMG only.
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Table 2.8: State of the art for sign language recognition: ISL : Indian sign language ,
KSL : Korean sign language, TSL: Turkish sign language , LIBRAS: Brazilian sign
language, ASL: American sign language .
Sensors

Features

subjects

Gestures

Classifier

Accuracy

8 sEMG

MAV, SSI,
RMS, LOG
Max, STD
MFL, Min
AAC
MAV, SSI,
MAX, MIN
RMS, AAC
STD , AP
STD, RMS, AAC,
MNP, PSR
LOG, MNF
MDF, PKF
MAV, WL
ZC, SSC

1

26 ASL

SVM

90.0%

[198]

4 sEMG

[66]

8 sEMG

[217]

8 co located
sEMG FMG

one Vs all

6

4 ISL

SVM

90%

20

20 ASL

BL-LSTM

97.7%

5

10 ASL

LDA

91.6%

MAV

5

10 ASL

LDA

80%

PSD, AR

-

6 KSL

NN

78%

RMS, VAR
WL
RMS, VAR, WL

2

10 TSL

LDA

91%

-

20 LIBRAS

binary
SVM

96.61%99.87%

PSD, SM, MAV
WL,ZC
SSC,SKEW
STD, ,KURT
RMS, VAR, IEMG
MAV, LOG,
MNF, PFK
SM, ZC
SSC, MNP
RAW signal

5

9 ISL

SVM

90.10%

1

20 LIBRAS

MLP

91.3%-

12

16 ASL

LDA

96.70%

[106]
8 FMG
Self-produced

[106]
4 sEMG
[111]
4 sEMG
[116]
8 sEMG
[1]
3 sEMG
[203]

8 sEMG
[112]

16 FMG
[109]
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2.7 Limitations
Studies for sign language recognition based on sEMG exist in the literature, but the
maximal number of recognized gestures is 27, while the alphabet of the ASL includes
26 letters and 10 numbers. Moreover, the highest accuracy reached for the whole 27
ASL symbols recognition was only 60.85% with 8 sensors through SVM, which was
reported to be over-performed by the extreme learning machine (ELM) proposed in
[98] for many classification problems.
For FMG-based hand gesture recognition studies in state of the art, the number of
sensors is quite high for portable and user-friendly systems. Moreover, the use of raw
FMG signals in most of the studies limits the signal abilities and the machine learning
methods’ performance. In addition, the applications of FMG are mostly focused on
grasping and robotic hand or prosthesis control where a big muscle contraction force
is included, and they are rarely investigated for sign language recognition.
Even though the surface electrical impedance myography method has shown a strong
ability to monitor human hand gestures by recording the change of impedance from
the muscle area during contractions and relaxations, the sensitivity of this method
to the slight deformations in the muscle surface caused by performing signs without
a grasping action or upper arm activities is not yet investigated. Moreover, neither the investigation of the frequency range of gesture detection by sEIM nor a
full recognition process of gestures based on sEIM were found in scientific publications.
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Extreme Learning Machine (ELM) is a single layer feed-forward network (SLFN)
where the fundamental concept is that the weights and biases of this hidden layer
are randomly generated. Moreover, the output layer weights are calculated using a
least-squares solution defined by outputs of the hidden layer and targets [6]. Thus,
the weights that connect the hidden nodes to the outputs can be trained very fast
in one iteration. In this chapter, the theoretical backgrounds and the limitations of
ELM will be presented in detail.

3.1 Basic Method
The ELM was first proposed by Huang in 2004 [98]. It is an SLFN where hidden
nodes are tuned randomly, and the output weights are calculated using linear algebra
with the structure diagram shown in Figure 3.1.

Figure 3.1: Structure of a basic ELM
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This SLFN has only 3 layers: input, hidden and output. The input layer has 𝑑 input
nodes connected to the hidden nodes with randomly generated weighs. The number
̃︀ . In addition, each hidden node is connected to each output
of hidden nodes is 𝑁
node with a specific output weight used to identify the final output by the equation
3.1:
𝑓𝑁̃︀ (𝑥) =

̃︀
𝑁
∑︁
𝑖=1

𝛽𝑖 ℎ(𝑥) =

̃︀
𝑁
∑︁
𝑖=1

𝛽𝑖 𝑔𝑖 (𝑥) =

̃︀
𝑁
∑︁

𝛽𝑖 𝐺(𝑤𝑖 , 𝑏𝑖 , 𝑥)

(3.1)

𝑖=1

where:
• 𝑥 ∈ 𝑅𝑑 , 𝛽𝑖 ∈ 𝑅𝑐 , 𝑤𝑖 ∈ 𝑅𝑑 and 𝑏𝑖 ∈ 𝑅
[︀
]︀𝑇
represents the weight vector of the input layer of 𝑖𝑡ℎ
• 𝑤𝑖 = 𝑤𝑖1 . . . 𝑤𝑖𝑁
node with N is the total number of input vectors 𝑥.
• 𝑔𝑖 symbolize the output function 𝐺(𝑤𝑖 , 𝑏𝑖 , 𝑥) of the 𝑖𝑡ℎ hidden node which is
defined as 𝑔𝑖 = 𝑔(𝑤𝑖 𝑥 + 𝑏𝑖 ) for additive nodes with the activation function 𝑔 .
[︀
]︀𝑇
is the output weight of randomly generated hidden
• 𝛽𝑖 = 𝛽𝑖1 . . . 𝛽𝑖𝑁
nodes to 𝑖𝑡ℎ output node where N is the total number of input vectors 𝑥.
In equation 3.1, 𝑓 represents the output function the of SLFN, 𝛽 represents output
weights, ℎ(𝑥) is a random mapping matrix, also called hidden layer output matrix,
̃︀ 𝑡ℎ dimensional ELM hidden
which transfers the 𝑑𝑡ℎ dimensional input layer to the 𝑁
layer. Moreover, the ELM tends to reach the smallest possible norm of output weights
which is provided according to the feed-forward neural network theory by reaching
the smallest possible training error [96], so, for 𝑁 arbitrary distinct training samples
(𝑥𝑗 ,𝑡𝑗 )𝑖𝑛𝑅𝑑 *𝑅𝑐 where 𝑡𝑗 is the real class label of the 𝑗 𝑡ℎ training vector, approximating
∑︀ ̃︀
the training error of the 𝑁 sample to zero means having 𝑁
𝑗=1 ‖𝑜𝑗 − 𝑡𝑗 ‖ = 0 where
𝑡ℎ
𝑜𝑗 is the predicted class label of the 𝑗 training vector and 𝑁 equations 3.1 such as
∑︀ ̃︀
𝑡𝑗 (𝑥𝑗 ) = 𝑁
𝑖=1 𝛽𝑖 ℎ𝑖 (𝑥𝑗 ) that could be written compactly as equation 3.2.
𝑇 = 𝐻𝛽
⎡
⎤
⎡
⎤
𝑡𝑇1
𝛽1𝑇
⎢ .. ⎥
⎢ .. ⎥
,𝑇 = ⎣ . ⎦
and
where:𝛽 = ⎣ . ⎦
𝑇
𝑇
𝑡
𝛽𝑁
𝑁
̃︀
𝑁 ×𝑐
⎡
⎤ 𝑁⎡×𝑐
)︀ ⎤
(︀
ℎ(𝑥1 )
𝐺 (𝑤1 , 𝑏1 , 𝑥1 ) · · · 𝐺 𝑤𝑁̃︀ , 𝑏𝑁̃︀ , 𝑥1
⎢
⎥ ⎢
⎥
..
..
..
..
.
𝐻=⎣
⎦
⎦=⎣
.
.
.
.
(︀
)︀
ℎ(𝑥𝑁 )
𝐺 (𝑤1 , 𝑏1 , 𝑥𝑁 ) · · · 𝐺 𝑤𝑁̃︀ , 𝑏𝑁̃︀ , 𝑥𝑁
̃︀
𝑁 ×𝑁
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In addition, as the hidden layer of ELM does not need any tuning and its parameters
(𝑤𝑖 , 𝑏𝑖 ) can be fixed after being randomly generated, the output weights could be
calculated by the least-square method. Thus, training ELM is equivalent to finding
the minimal norm least square solution of 𝛽 with 𝐻 as a non square matrix. Therefore,
the equation 3.3 is calculated where 𝐻 † is the Moore-Penrose generalized inverse
(see appendix B) of H and the ELM could be summarized in Algorithm 3.
𝛽 = H† T

(3.3)

Algorithm 1: Pseudo-code of the ELM [247].
Input: Given a training set N = {(𝑥𝑖 , 𝑡𝑖 ) |𝑥𝑖 ∈ R𝑛 , 𝑡𝑖 ∈ R, 𝑖 = 1 · · · 𝑁 }
̃︀
activation function 𝐺(𝑤,𝑏,𝑥), and hidden nodes number 𝑁
Output: The output weight matrix 𝛽 .
̃︀ ;
1 Assign random input weights 𝑤𝑖 , and biases 𝑏𝑖 , for 𝑖 = 1 · · · 𝑁
2 Calculate the hidden layer output matrix:
⎡
(︀
)︀ ⎤
𝐺 (𝑤1 , 𝑏1 , 𝑥1 ) · · · 𝐺 𝑤𝑁̃︀ , 𝑏𝑁̃︀ , 𝑥1
⎢
⎥
..
..
..
(3.4)
H=⎣
⎦
.
.
.
(︀
)︀
𝐺 (𝑤1 , 𝑏1 , 𝑥𝑁 ) · · · 𝐺 𝑤𝑁̃︀ , 𝑏𝑁̃︀ , 𝑥𝑁
̃︀
𝑁 ×𝑁
3

;
Calculate the output weight matrix,
𝛽 = H† T

(3.5)

where H† is the Moore-Penrose generalized inverse of matrix H and
𝑇 = [𝑡1 · · · 𝑡𝑁 ]𝑇 ;
The basic idea for ELM is to randomly generate hidden nodes, which reduces
the complexity of the calculation. The theories to prove this idea are described
specifically in [100], [99] and [94] by investigating mainly the interpolation, universal
approximation and classification capabilities in addition to the learning principles
and the sub-network architecture.
3.1.1 Interpolation Capability
In [99], it has been demonstrated that from the point of view of interpolation
capability the activation function 𝑔 must be infinitely differentiable in any interval
to have the possibility of generating the hidden layer parameter randomly. Moreover,
̃︀ is not greater than the number of
the maximum required hidden nodes number 𝑁
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̃︀ = 𝑁 [96]. According
training samples 𝑁 with a training error equal to 0 in case of 𝑁
to the ELM interpolation capability study in [96] the activation function 𝑔 could
be one of wide type functions for neural networks node´s activation such as the
functions in Table 3.1 and more.
Table 3.1: Common activation functions

Function name
Sigmoid

Formula
1
𝐺(𝑎,𝑏,𝑥) = 1+exp(−(𝑎·𝑥+𝑏))

Hyperbolic tangent
Gaussian

1−exp(−(𝑎·𝑥+𝑏))
𝐺(𝑎, 𝑏, 𝑥) = 1+exp(−(𝑎·𝑥+𝑏))
𝐺(𝑎, 𝑏, 𝑥) = exp(−𝑏‖𝑥 − 𝑎‖)

Multiquadric
Hard limit
Cosine

𝐺(𝑎, 𝑏, 𝑥) = (‖𝑥 − 𝑎‖ + 𝑏2 ) 2
𝐺(𝑎, 𝑏, 𝑥) = 1 if 𝑎 · 𝑥 + 𝑏 ≤ 0, 0 otherwise .
𝐺(𝑎, 𝑏, 𝑥) = cos 𝑎 · 𝑥 + 𝑏

1

In addition, the interpolation theorem applied of ELM is extended from only infinity
differentiable activation function to almost any type non-linear continuous function
including the threshold function, which is a very popular function for real applications
with hardware implementation, that can not be handled by other learning approaches
of neural networks [96].
Several studies were conducted to identify the more adequate activation functions
for ELM in terms of generalization performance and computational scalability with
regards to the number of training samples 𝑁 . While Gaussian and Sigmoid functions
are the mostly used for the hidden layer nodes in feed-forward networks [97], in
ELM the hard limit [99] also presents a good generalization performance. Also, for
large scale applications, ELM provides a dramatically reduced computational cost in
comparison with other machine learning methods such as Support Vector Machine
(SVM) with a better computational scalability in terms of the number of training
samples 𝑁 . However, ELM with Gaussian activation presents a sharp increase of the
training time with the increasing of 𝑁 while the ELM with sigmoid additive nodes
training time increase slowly when 𝑁 increase. So, the activation function 𝑔 in ELM is
a non-linear continuous function that satisfies the universal approximation capability
theorems with the sigmoid function providing a good generalization performance
and computational scalability. Therefore, it will be mainly used in this study.
3.1.2 Universal Approximation Capability
According to Hornik [93], if an activation function is sparse in a bounded area and not
constant, the according SLFN with additive hidden nodes is capable of approximating
a continuous map. Also, Leshno [130] proved that the non-polynomial activation
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function of an SLFN can approximate any continuous target function. These proofs
show the correctness of SLFN working as a universal approximation.
Moreover, in [95] it is proven that for any given bounded non-constant continuous function as the hidden neurons activation function, if by tuning parameters
of hidden neuron of SLFN including ELM can make it approximate any target
continuous function 𝑓 (𝑥), then the sequence generated by any continuous target
function {ℎ(𝑥)}𝐿𝑖+1 holds with probability one
weights 𝛽, if
⃦∑︀with appropriate output
⃦
⃦ 𝐿
⃦
the sequence convergence to zero. lim𝑛→∞ ⃦ 𝑖=1 𝛽𝑖 ℎ𝑖 (x) − 𝑓 (𝑥)⃦ = 0 .
This theory explains ELM as an universal approximation work, which means that
with a non-linear function or a linear combination of non-linear functions ELM can
approximate other target functions. Furthermore, it makes arbitrary disjoint area
independent of training samples, which is the classification capability as described in
[94].
3.1.3 Classification Capability
If the feature mapping matrix ℎ(𝑥) with its output weight 𝛽 is dense in 𝐶(𝑅𝑑 ) or its
compact set 𝐶(𝑀 ), then SLFNs with random generated hidden nodes are capable of
classifying arbitrary disjoint regions.
This theory points out that if the SLFNs could work as an approximation for any
continuous target function by adjusting the parameter in the network’s hidden layer,
it could get sufficient accuracy in classification.
Under such conditions, the ELM learning principles are provided in order to simplify
and generalize the training processing. No matter if the hidden nodes are additive
(see equation 3.6) or Radial Basis Function (RBF) in equation 3.7, the only difference
lies in the first step of the input vector and both structures satisfy the aforementioned
theories which means the ELM with its randomly generated hidden nodes is capable
to approximate any continuous target functions.

𝐺 (𝑎𝑖 , 𝑏𝑖, x) = g (𝑎𝑖 x + 𝑏𝑖 ) , 𝑏𝑖 ∈ 𝑅

(3.6)

𝐺 (𝑎𝑖 , 𝑏𝑖,x ) = g (𝑏𝑖 ‖x − 𝑎𝑖 ‖) , 𝑏𝑖 ∈ 𝑅+

(3.7)
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3.1.4 Sub-network and Network
The essence of ELM is to ignore the hidden node tuning, and directly calculate the
output weight using the matrix 𝐻 according to the equation 3.8 where, 𝑊 means
the output weight matrix that only contains parameters from tuned hidden nodes
during the training session. That way it can be directly calculated through linear
combination of the transfer matrix 𝐻. 𝛼 is the regularization parameter, represent
differences between minimized training errors and model generalization while 𝑌 is
the output matrix.

W = 𝐻𝐻 𝑇

(︂

𝐻𝐻 𝑇 +

𝐼
𝛼

)︂−1
𝑌

(3.8)

This is the analytical solution for the output’s weight optimization via adjusting
transfer matrix by adjusting the derivative of objective function to zero. The architecture of ELM shows that there is only one layer of hidden nodes. However, in the
human brain, even a single layer of neurons can contain millions of sub-neurons and
combinations In order to implement this human brain quality in ELM, a relationship
between network and sub-network has been theoretically approved in [221] by the
Theorem announcing that: if 𝑊1 and 𝑊2 are the optimal output weight each of its
ELM and W is the output weight of a bigger ELM that contains the combination of
the previous two ELM, then it exists:

[︂
𝑊 =

𝑊1
𝑊2

]︂
− 𝛥𝑊

(3.9)

or

[︂
𝑊 =𝑍

𝑊1
𝑊2

]︂
(3.10)

It has been proven that that Z and 𝛥 W have identical analytical result. These
results also show that even though for ELM, which only contains one layer of hidden
nodes, each node can contain several individual hidden nodes hierarchically or incrementally so the hidden nodes can be determined as the linear collaboration of
several sub-networks as could be seen in Figure 3.2.
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Figure 3.2: Sub-network hidden nodes based ELM

3.1.5 Learning Principles
According to [94], each learning process of the human brain is not always finished
after the full understanding, that same principle can be applied to ELM. Even
though the activation function can be specified as non-linear piecewise continuous,
it is difficult to determine the function specifically. In this case, the first learning
principles are proposed:
• Learning principle I: If the activation function of a SLFN is a non-linear function
or is a linear combination, then nodes in the hidden layer can be randomly
generated, which are independent of the training data set and the learning
environment.
• Learning principle II: In order to increase the system stability and generalization
performance, the norm of 𝛽 of ELM needs to be smaller than the optimization
constraints.
• Learning principle III: Output layer of SLFN should have no bias, or the output
bias should be set as zero.
In human brain mechanisms not every activation function is previously known, which
is implemented according to the learning principle I in ELM. Many classic algorithms
for data classification however, need to be aware of the actual activation function
or target function before their initialization. So, it can be concluded that ELM can
be widely used for the situation which has complicated circumstances, like signals
with heavy noise and real time applications. Moreover, the second and the third
principles describe the constraints for ELM, which is the major difference between
ELM and other algorithms that have randomly awaken hidden nodes [94]. Based on
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these learning principles, the original learning procedure can be described without
iterative activation of hidden nodes, which reduces both power consumption and
calculation complexity.
Experimental studies in the literature show that ELM can produce acceptable
predictive performances with a computational cost much lower than networks trained
by the back-propagation algorithm. The universal approximation property implies
that an ELM can solve any regression as well as a classification problem with a desired
accuracy, if it has enough hidden neurons and training data to learn parameters for all
the hidden neurons. The ELM also benefits from model structure and regularization,
which reduces the negative effects of random initialization and over-fitting. The
hidden neurons are transforming the input data into a different representation in
two steps. First, the data is projected into the hidden layer through the weights and
biases of the input layer, and then applying it to the result of that to a non-linear
activation function. Given the target, a unique solution of the system with least
squared error can be found using Moore-Penrose generalized inverse. Thereby, in
one single method, the values of the weights of the hidden layer that will result in
the solution with the least error to predict the target that could be computed within
ELM [96][94].

3.2 Advanced Variants
For specific use cases of the algorithm, such as online training or variant size and
type of input data or even application relative network architecture, many variants of
the ELM are proposed in literature [65],[96]. However, only the variants presenting
optimizations in terms of wights and hidden nodes are briefed in this section.
3.2.1 Incremental ELM (I-ELM)
The Incremental ELM (I-ELM) is designed according to the network and sub-network
ELM architecture and its pseudo-code is shown in Algorithm 6. In general, I-ELM
is characterized by the fact that the output error decreases gradually to a close
value to zero by increasing the hidden neurons number [99]. Therefore, the I-ELM
is considered as suitable for both regression and classification problems in online
continuous learning scenarios [221]. However, the training the I-ELM is slower than
the ELM due to the equality between the numbers of output weights computation
times and nodes in the hidden layer. Moreover, the I-ELM also generates randomly
the input weights and the bias of hidden nodes, which will cause: First, a slow
learning speed caused by the minor roles played by some hidden nodes with too small
output weights on the output of the network. Second, a slow error reduction during
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the training process caused by these invalid hidden layer neurons which increase the
network complexity [209].
Algorithm 2: Pseudo-code of the incremental ELM (I-ELM).
Input: Given a training set N = {(𝑥𝑖 , 𝑡𝑖 ) |𝑥𝑖 ∈ R𝑛 , 𝑡𝑖 ∈ R, 𝑖 = 1 · · · 𝑁 }
̃︀max
activation function 𝑔(𝑥), maximum number of hidden nodes 𝑁
and the expected learning accuracy 𝜀.
1 Initialization of number of hidden nodes and residual error;
̃︀ < 𝑁
̃︀𝑚𝑎𝑥 and ‖𝐸‖ > 𝜀 do
2 while 𝑁
̃︀ = 𝑁
̃︀ + 1;
3
Increase one more number of hidden nodes: 𝑁
4
Assign a new random number of 𝑎𝑁 and 𝑏𝑁 ;
5
Calculate the newly generate output weight;
6
Calculate the new residual error;

3.2.2 Error Minimized ELM (EM-ELM)
Neither the original ELM nor the I-ELM discussed the number of the nodes in
the hidden layer. However, this parameter has a huge impact on the speed of the
computation and the analysis of the algorithm behavior. To overcome this problem,
[77] proposed a new variant of ELM called minimized error ELM, which automatically
determined the number of the hidden nodes according to various applications with
the pseudo-code shown in Algorithm 9. Similarly to I-ELM the incremental increase
of the hidden nodes number, the output weights are updated gradually. However,
in the I-ELM the calculation of weights is done by the loop without changing the
hidden layer architecture, where for the EM-ELM the loop focuses on changing the
hidden layer architecture to be application specific [65]. So, the EM-ELM simplified
the change of the entire model so that it can be better generalized, and it satisfies
different needs. In addition, compared to the original ELM, EM-ELM increase the
computation complexity by only updating the output weight one node at a time.
The fixed number of hidden nodes is added one by one or chunk by chunk depends
on the structure of the hidden nodes, whether it includes sub-network or not, so that
the weight of each output node is computed correspondingly [221].
3.2.3 Online Sequential ELM (OS-ELM)
The OS-ELM [127] works as a sequential algorithm that considers practical cases
when the training data is not presented to the system at the same time. Contrarily,
it is given one by one or pack by pack. In this case, it may have various lengths of
the datasets. In addition, for the observation point of view, only the newly arrived
data is available at the time and the previous observations are eliminated as soon as
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Algorithm 3: Pseudo-code of error minimized ELM (EM-ELM).
Input: Given a training set N = {(𝑥𝑖 , 𝑡𝑖 ) |𝑥𝑖 ∈ R𝑛 , 𝑡𝑖 ∈ R, 𝑖 = 1 · · · 𝑁 },
̃︀max ,
activation function 𝑔(𝑥), maximum number of hidden nodes 𝑁
the expected accuracy 𝜀 and a relative small number of nodes 𝐿0 .
1 Initialization phase:
2 Calculate the hidden layer output matrix with the size 𝑁 × 𝐿0 ;
†
̂︀
3 Calculate the output matrix 𝛽
⃦ = H T;
⃦
⃦
⃦
†
4 Calculate the error E (H1 ) = ⃦H1 H1 T − T⃦;
5
6
7
8

9

Feedback growing phase: Start with 𝑘 = 0;
while 𝐿𝑘 < 𝐿𝑚𝑎𝑥 and 𝐸(𝐻𝑘 ) > 𝜀 do
𝑘 = 𝑘 + 1;
Add a random 𝛿𝐿𝑘−1 hidden node to the original SLFN( Note that now
the hidden layer output matrix become 𝐻𝑘+1 = [𝐻𝑘 ,𝛿𝐻𝑘 ]);
Calculate the output weight using formula
[︂
]︂
U𝑘
𝛽𝑘+1 = H†𝑘+1 T =
T
D𝑘
(︁(︁
)︁
)︁†
(3.11)
D𝑘 = 𝐼 − H𝑘 H†𝑘 𝛿H𝑘
U𝑘 = H†𝑘 (I − 𝛿H𝑘 D𝑘 )
;

the learning progress is finished. Further, most importantly the algorithm does not
need any prior information about the data, which widens the restrictions about the
training observations. Compared to the original ELM, which assumes the arrival of
the training data set at once, OS-ELM makes the adjustment to push the learning
process sequentially. Additionally, compared to other sequential training or online
training methods, OS-ELM does not need more control parameters other than the
size of the hidden nodes N. Furthermore, the activation function between the input
layer and hidden layer 𝑔 can be non-differential. Unlike the other gradient-based
algorithms, OS-ELM unifies the algorithms with both RBF and additive hidden nodes,
which means both structures can be trained with the same algorithm. According to
the Algorithm 10, no gradient-based calculation is needed. In the sequential learning
phase, the algorithm guarantees each data enters the system one by one or chunk by
chunk with fixed or varying size which will not be duplicated. From the algorithm, it
is noticed that comparing to previous learning methods, OS-ELM occurs a minimal
number of hidden nodes and considers the maximum of initialized data.
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Algorithm 4: Pseudo-code of online sequential ELM (OS-ELM).
Input: Select the type of the hidden nodes with the corresponding
̃︀ , assume
activation function and the number of the hidden node𝑁
the same database as mentioned before:
N = {(𝑥𝑖 , 𝑡𝑖 ) |𝑥𝑖 ∈ R𝑛 , 𝑡𝑖 ∈ R, 𝑖 = 1 · · · 𝑁 } arrives sequentially, the
initialization of the first transfer matrix should have the number of
data at least the same size of the number of the hidden nodes, which
˜
meansrank (H0 ) = 𝑁
1 Initialization phase;
2 Determine the initialized matrix 𝐻0 ;
3 Calculate the output weight 𝛽0 ;
4 Sequential learning phase;
5 Observe the 𝑘 + 1𝑡 ℎ chunk of the freshly arrived data.;
6 Calculate the partial hidden layer output matrix H𝑘+1 ;
[︁
]︁𝑇
7 Set 𝑇𝑘+1 = 𝑡𝛴 𝑘 𝑁 +1 · 𝑡𝛴𝑗 𝑖𝑁𝑗
𝑗=0 𝑗
8

Calculate the newly generate output weight: 𝛽𝑘+1
T = {(𝑥𝑖 , 𝑡𝑖 ) |𝑥𝑖 ∈ R𝑛 , 𝑡𝑖 ∈ R, 𝑖 = 1 · · · 𝑁 }

9
10

(3.12)

Set 𝑘 = 𝑘 + 1;
Back to step 5;

Furthermore, OS-ELM unifies the training algorithm for additive and RBF hidden
nodes. Also discarded the trained data which reduces the complexity of the computation. It specified the number of hidden nodes, instead of using an infinite number of
hidden nodes as previously. And most importantly, it has a loosened requirement on
activation function comparing to any gradient-based algorithm. The original ELM
can be seen as a special case of OS-ELM when 𝑁0 = 𝑁 , which means all training
data is known during the initialized phase.

3.3 Optimized Variants
Since its first introduction, ELM was a subject for optimization as it represents
a promising possibility for embedded systems, online and real time classification
tasks. But it also presents some limitations specially in its hidden nodes number
and weights randomization method.
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3.3.1 Optimally Pruned ELM (OP-ELM)
Optimally pruned ELM (OP-ELM), is proposed by Miche et al.[150] based on ELM
algorithm in terms of kernel selection and using the methodology of pruning the
neurons, leading to more efficient algorithms and improving the ELM problems
experienced when using irrelevant or correlated data [150], [151].
In the learning process, the OP-ELM begins with a large number of neurons in
the hidden node layer, and by taking into account their relevance to the labels
of the class, it excludes the irrelevant one. it consists of three main steps, first,
constructing the ELM algorithm with a high number of neurons, then using the
Multi-Response Sparse Regression (MRSR) algorithm, which allows the neurons
to be ranked according to their utility, and finally uses the Leave-One-Out (LOO)
method to selects the appropriate neurons [150], [151].
Given a training set 𝑀 = {(𝑥𝑖 , 𝑦𝑖 )|𝑥𝑖 ∈ 𝑅𝑛 ,𝑦𝑖 ∈ 𝑅}; i=1,. . . ,N, the linear, sigmoid
or gaussian (kernal) activation functions G(x), a large number of hidden node N.
Step 1. The first in the OP-ELM method is to construct the original ELM algorithm
by randomly assigned the values for the input weight vector 𝑎 ∈ 𝑅𝑛 and the bias
𝑏 ∈ 𝑅.the hidden layer output matrix H is calculated as eq. ?? the number of hidden
layer neurons N is set just above the number of the variables in the data, then the
output wight 𝛽 find as eq.3.1
Step 2. the next step is to prune the useless neurons out of the hidden layer by using
the MRSR ranking technique, for the 𝑚 × 𝑛 regressors matrix 𝑋 = [𝑥1 · · · 𝑥𝑛 ], MRSR
adds the regressor columns one by one to the model. For the OP-ELM the regressors
matrix represent the hidden layer output matrix 𝐻 = [ℎ1 · · · ℎ𝑖 ], the MRSR for step
k is defined as
𝑌 𝑘 = 𝐻𝑊 𝑘

(3.13)

where 𝑌 𝑘 is the approximation of the target in the model, the 𝑊 𝑘 is the weight
matrix which have new non-zero row at the kth step. A new non-zero row and a
new regressor are added to the model with each new step.
Because the MRSR estimate a ranking of the hidden layer output matrix only, a
LOO method is used to select of the best number of neurons for the model. the LOO
method is time consuming method, so for the linear model the LOO error calculated
using the Prediction Sum of Squares (PRESS) statistics as

𝜖𝑃 𝑅𝐸𝑆𝑆 =
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𝑦𝑖 − 𝑃 ℎ 𝑖
1 − ℎ𝑖 𝑃 ℎ 𝑖 𝑇

(3.14)

3.3 Optimized Variants
−1

Where 𝑃 = (𝐻 𝑇 𝐻) , the appropriate number of neurons is found by evaluating the
LOO error for all first number of neurons and select neurons number L that have
the minimum error as .

𝐿 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑗∈1···𝑁

𝑗
∑︁

𝜖𝑃𝑖 𝑅𝐸𝑆𝑆

(3.15)

𝑖=1

using the LOO ranking has two positive effects: faster convergence and a lower
number of neurons is needed to achieve the lowest LOO [150], [151], the OP-ELM is
summarized as:
Algorithm 5: Optimally pruned ELM (OP-ELM)
1: Construction of the original ELM network with large number of neurons
in the hidden layer ;
2: ranking the neurons using the Multi-response Sparse Regression (MRSR)
algorithm, to remove of the useless neurons as eq. 3.13 ;
3: Selection the appropriate number of neurons by leave-one-out (LOO)
validation method as eq.3.14, The decision for the best number of neurons
in the model is find as eq 3.15 ;
The OP-ELM algorithm used three different kernels type. These kernels are linear,
sigmoid, and Gaussian, while the ELM used sigmoid kernels only. the linear kernels
helps when the problem is linear or almost linear, the Gaussian kernels take their
centers randomly from the data points, and the widths are randomly chosen between
20-80% from the input space of the distance distribution, the sigmoid weights are
chosen randomly from the range [-5,5] from the uniform distribution, this range is to
accommodate the zero mean and unit variance data [150],[151].
Compare to the ELM, OP-ELM improve the robustness and the accuracy of the
network, it have higher computational time and also the hidden nodes input weight
and basis in the OP-ELM are selected randomly, so they have an effect on the
accuracy and training time [113], [177].
3.3.2 Genetic Algorithms for Pruned ELM
Genetic algorithms for pruned ELM (GPA-ELM) are proposed by Alencar et al [7] to
prune hidden layer neurons based on multi-objective GA. It combines the advantages
of ELMs and GAs to optimize the performance of the ELM classifiers and prune
maximum possible number of hidden neurons. the individual has hidden neurons
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similar to the number of genes in "one", one individual is made from one chromosome,
where the individual with one chromosome is expressed as a binary vector genes
"one" or "zero" else. In these hidden-layer neurons, the GPA-ELM is aimed to remove
unnecessary or similar neurons, so the population can develop to the best solution.
Algorithm 6: Genetic algorithms for pruned ELM (GPA-ELM)
1: Step (1): Given a training set 𝑌 = {(𝑥𝑖 , 𝑡𝑖 )|𝑥𝑖 ∈ 𝑅𝑛 ,𝑡𝑖 ∈ 𝑅}; i=1,. . . ,Ñ ,
output function f(x), hidden neurons q.
2: Step (2): Initiate t = 0, where t stands for the current generation; then
generate the initial population P(t) , by set of {𝑔}𝑠𝑖=1 and its related
matrices {𝐻𝑖 }𝑠𝑖=1 randomly, where s is the number of individuals of the
generation t,
1) Solve the linear system for each individual i in P(t)
−1
𝐷 = 𝑀 𝑇 𝐻, 𝑀 = (𝐻𝐻 𝑇 ) 𝐻𝐷𝑇
2)Evaluate the fitness function as
𝐹 𝑖𝑡𝑛𝑒𝑠𝑠(𝑔) = 𝛼 * 𝑒 − ∑︀
𝑟𝑎𝑡𝑒(𝑔) + (1 − 𝛼) * 𝑛 − 𝑟𝑎𝑡𝑒(𝑔),
𝑞
𝑔𝑖
, the e-rate(g) is the ratio of the number of
where 𝑛 − 𝑟𝑎𝑡𝑒(𝑔) = 𝑖=1
𝑞
miss-classification patterns to the number of training patterns and 𝛼 is a
3: factor of importance [0, 1]
4: Step (3): While t ≤ maximum number of generations
1. Select individuals i from the population P(t);
2. Apply crossover operation to selected individuals;
3. Apply mutation operation to selected individuals;
4. t = t + 1
5. Solve the linear system for each individual i in P(t)
6. Evaluate the fitness function
7. Select the best individual or solution
8. Endwhile
5: Step (4): provide the optimum weights and bias values for the ELM
In the GPA-ELM, q neurons are generated in the hidden-layer randomly, the individual has q genes in the chromosome as

[︀
]︀
𝑔 = 𝑔1 · · · 𝑔𝑖 · · · 𝑔𝑞−1 𝑔𝑞

(3.16)

where 𝑔𝑖 is the i-th neuron from all hidden-layer neurons and takes the value of 0 or
1, the number of pruned neurons in algorithm is the number of “zeros” in the the 𝑔𝑖 .
m then the the population P(t) is initialized in a pseudo-randomized mode, the t
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represents the current generation, then find the related hidden layer output matrix
H; For each individual i in P(t), Solve the linear system:
−1

𝑀 = (𝐻𝐻 𝑇 ) 𝐻𝐷𝑇

(3.17)

where the D is the target vector, the next step is to calculate the fitness function
for the individual In GAP-ELM the fitness function is suggested to maximize the
accuracy and pruning rate. Alternatively, the fitness function is performed to decrease
the error rate and the neuron rate which are defined as the ratio of hidden neurons
numbers to the overall number of candidate neurons after the pruning process. The
fitness function is defined as:
𝐹 𝑖𝑡𝑛𝑒𝑠𝑠(𝑔) = 𝛼 * 𝑒 − 𝑟𝑎𝑡𝑒(𝑔) + (1 − 𝛼) * 𝑛 − 𝑟𝑎𝑡𝑒(𝑔)

(3.18)

where the e-rate(g) is the ratio of the number of misclassification patterns to the
number of training patterns, 𝛼 is a factor of importance, it estimates the relationship
between the error rate and the neuron rate where the higher the alpha value, the
higher the number of hidden neurons and it takes a value between [0, 1] and n-rate(g)
is
∑︀𝑞
𝑔𝑖
(3.19)
𝑛 − 𝑟𝑎𝑡𝑒(𝑔) = 𝑖=1
𝑞
the error rate is computed using the LOO method with the Prediction Sum of Squares
(PRESS) statistic, to reduce the computational cost problem originating from using
the LOO method with 10-fold cross validation. The PRESS statistic provides a way
for computing the LOO error for linear models 𝑒𝑙𝑜𝑜
𝑖 , when leaving out the 𝑖𝑡ℎ pattern
from the training set. It is defined as
𝑒𝑙𝑜𝑜
𝑖 =

𝑑𝑖 − ℎ𝑇𝑖 𝑚−𝑖
1 − 𝑧𝑖,𝑖

(3.20)

where 𝑚−𝑖 is the solution for the linear system and 𝑍 = 𝐻𝐻 † so the 𝑧𝑖,𝑖 is the
diagonal term for Z. The local mean of 𝑒𝑙𝑜𝑜
error which is estimated by leave-one-out
𝑖
is defined as:

𝑛

𝑒−𝑙𝑜𝑜 =

1 ∑︁ 𝑙𝑜𝑜 2
(𝑒 )
𝑛 𝑖=1 𝑖

(3.21)
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where n is the number of training data The individual ranks are assigned according
to the value of the fitness function. The best fitness value is the value of the best
solution. The fitness value is used to guide the reproduction process. Individuals
with a high fitness value have a higher chance of spreading their genes out across the
population. After calculating the fitness function, the method applies the selection
on the individuals. The selected individuals are used as a crossover and mutation
input. For the natural selection, the Russian roulette wheel has been implemented.
The crossover combines two chains of chromosomes, and the mutation changes a few
bits in one chromosome. Finally, the best and final individual provides the optimum
weights and bias values for the ELM
3.3.3 Particle Swarm Optimization (PSO-ELM)
Particle Swarm Optimization (PSO) is the most popular and mature algorithm
due to its early implementation compared to other swarm intelligence optimization
methods and it is detailed in appendix A.
In [4] authors proposed PSO-ELM for optimizing the input feature subset selection
and the number of hidden nodes to enhance the classification performance of ELM in
the application of power system disturbances classification. The experimental results
show that the proposed PSO-ELM is faster and more accurate than the original
ELM algorithm. Under the same concept multiple variants of the methods have
been proposed, such as the APSO-KELM proposed in [137] by the combination of
Adaptive Particle Swarm Optimization (APSO) and Kernel ELM (KELM).
In addition, [36] proposed PSO-ELM for regression problems with the application in
traffic flow forecasting where the PSO is used to optimize the weights and bias of the
ELM hidden layer. The results have shown that the proposed PSO-ELM in Algorithm
7 outperforms ELM as a regression function on 4 traffic flow data sets when the result
is evaluated by RMSE and MAPE. This performance is explained by the effect of the
randomness of invoking hidden nodes which led to the invalidation of some hidden
nodes. By using PSO, the weak generalization of ELM when dealing with unknown
testing data has been improved. Due to the simplicity and maturity of PSO, PSOELM is widely tested by researchers for both classification and regression applications.
The combinations of PSO and ELM were proposed for many optimizations aims
such as the selection of input weights and bias values or the number of hidden
nodes of the ELM network. However, the PSO which is used to perform those
optimizations is reported to be over performed by other newly introduced swarm
intelligence optimization methods[196], [226], [25].
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Algorithm 7: Pseudo-code of PSO based weights and bias optimization
for extreme learning machine [36].
1 Establish ELM network;
2 Set the number of hidden neurons k, activation function g(x);
3 Initialize the particles;
4 Determine particle size 𝑛, inertial weight 𝜔, the maximum of iterations T,
and the acceleration coefficients 𝜑𝑝 and 𝜑𝑔 ;
5 Input the training samples;
6 while ending condition false do
7
for all particle 𝜃𝑖 of the population do
8
Calculate the fitness 𝑓 ;
9
Get the personal extremum 𝑃𝑖 ;
10
11
12
13
14

Calculate the global extremum 𝑃𝑔 for all particle 𝜃𝑖 of the population do
Update the velocity of each particle 𝑣𝑖 using equation A.1;
Update the position of each particle 𝑝𝑖 using equation A.2;
Separate the global extreme 𝑃𝑔 ;
Get input weight and hidden layer bias;

3.3.4 Bat Algorithm (BA-ELM)
In the BA-ELM, the input weights a and the basis b are randomly generated by the
BA algorithm, which is detailed in appendix A. A general pseudo code of the BA-ELM
can be seen in Algorithm 8. In [67] the first BA-ELM for regression problems has
been introduced, where BA is implemented to optimize the ELM parameters which
are in this case the regression coefficient C and the kernel parameter 𝜆. Thereby, the
inherent capacity of BA permit finding the global optimum and avoiding the model
trapping into the local minima. In addition, [213] has shown that a wide range of
applications of BA-ELM for regression problems. In [139] the proposed combination
of BA and ELM for classification problems shares the same concept of BA-ELM
reported in [242] for regression problems, which is the optimization of weight and
bias of the hidden nodes(see Algorithm 8).

3.3.5 Grey Wolf Optimized ELM (GWO-ELM)
Inspired by the behavior of the grey wolves during different hunting steps and life
cycles, Mirjalili et al.[155] proposed pseudo-code of the Grey Wolf Optimization
(GWO) as detailed in appendix A.
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Algorithm 8: Bat algorithm (BA-ELM) [242]
1: Step (1): Initialize the bat algorithm parameters; the bat population(q),
the position (𝑆𝑞 ) and velocity(𝑉𝑞 ), the emission pulse frequency [𝜆𝑚𝑖𝑛 , 𝜆𝑚𝑎𝑥 ],
the number of iterations (L), (U) is training set, (V ) is prediction set, and
P hidden nodes in the ELM;
2: Step (2): find the extreme fitness function of the bat’s population location
as average square
error of∑︀
the validation dataset
√︂ ∑︀
𝑣
𝑝
2
𝑗=1 ‖
𝑞=1 𝛽𝑞 (𝑤𝑞 𝑆𝑗 + 𝑏𝑞 ) − 𝑡𝑞 ‖2
;
𝑓 𝑖𝑡𝑛𝑒𝑠𝑠 =
𝑈
3: Step (3): While l <L
1) detect distances of Bats from moving objects by echolocation.
For each iteration, the bat parameters are updated as:
⎧
⎨ 𝜆𝑞 = 𝜆𝑚𝑖𝑛 + (𝜆𝑚𝑎𝑥 − 𝜆𝑚𝑖𝑛 )𝜎
𝑉 𝑙 = 𝑉𝑞𝑙−1 + (𝑆𝑞𝑙 − 𝑆 * )𝜆𝑞
⎩ 𝑞𝑙
𝑆𝑞 = 𝑆𝑞𝑙−1 + 𝑉𝑞𝑙
where l is the current iteration number, 𝜎 is a random variable [0,-1]
and 𝑆 ⋆ is the optimal location of the bat.
′
2) generate a new location 𝑆𝑞𝑀
around its selected location. If bat
new location fitness is better than the extreme fitness, the position is
′
updated as 𝑆𝑞𝑀
= 𝑆 𝑞𝑀 + 𝜇𝐴𝑙 Else return End
where 𝜇 is a random number between [-1,1], 𝐴𝑙 is the average of the
pulse loudness of all bats, and M is the dimension of search space.
if the fitness 𝑆𝑞𝑀 is superior to the fitness of optimal bat 𝑆 ⋆ , the bat
parameters updated as:
⎧ *
⎨ 𝑆 = 𝑆 𝑞𝑀
= 𝜆𝐴𝑙𝑞
𝐴𝑙+1
𝑞
⎩ 𝑙+1
𝑟𝑞 = 𝑟𝑞0 [1 − exp(𝛾𝑙)
Else return End
the iteration conditions are met, the optimal solution was 𝑆 ⋆ ,
and the corresponding parameters w and b were the optimal parameter
values.
Else return
End
l=l+1
EndWhile
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Grey Wolf Optimizer is an optimization technique which involves the leadership
hierarchy and the search is carried out among the population in parallel leading
to rapid discovery of solutions. The wolf with the best fitness is called the alpha
wolf, the wolf with the second and third best fitness are considered to be beta
and delta wolves. While the remaining wolves that follow these three leaders are
called the omega wolves [193]. In [249] authors proposed the ELM weights and bias
optimization based on GWO for regression problems and the proposed GWO-ELM
model could be seen in Figure 3.3.

Figure 3.3: Flow chart of the GWO-ELM proposed model in [249]

3.3.6 Self-adaptive Evolutionary ELM (Sa-ELM)
In order to optimize the parameter of SLFN, in 2012 [39] proposed to use the
differential evolution on ELM with a progress to reduce the complexity of controlling
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parameters. They determined a self-adaptive method so that the parameters and
generated strategies are all determined by the structure itself, which can be used to
optimize the number of hidden nodes with the pseudo-code concluded as shown in
algorithm 10.
Algorithm 9: Pseudo-code of self-adaptive evolutionary ELM [39].
1 Initialization phase:
2 set the population of the first generation
[︂
𝜃𝑘,𝐺 =

3

4

5
6

7
8
9
10

𝑎𝑇1,(𝑘,𝐺) , . . . 𝑎𝑇𝐿,(𝑘,𝐺) ,
𝑏1,(𝑘,𝐺) , . . . 𝑏𝐿,(𝑘,𝐺)

]︂
(3.22)

Where both parameters 𝑎𝑗 and 𝑏𝑗 are randomly generated, G is the
generation and 𝑘 = 1,2. . . 𝑁 𝑃 ;
Calculation output weight and root mean square error (RMSE)
†
𝛽̂︂
𝑘,𝐺 = Hk,G T
⎯
⎸ ∑︀𝑁 ⃦
(︀
)︀⃦
⃦∑︀𝐿
⃦
⎸
⎷ 𝑖=1 ⃦ 𝑗=1 𝛽𝑗 𝑔 𝑎𝑗,(𝑘,𝐺) , 𝑏𝑗,(𝑘,𝐺) , 𝑥𝑖 ⃦
(3.23)
𝑅𝑀 𝑆𝐸𝑘,𝐺 =
𝑚×𝑁
;
Update the⎧new 𝜃𝑘,𝐺+1 with a piece-wise function
⎪ 𝑢𝑘,𝐺+1 if RMSE
𝜃 𝑘,𝐺 − RMSE𝑢𝑘,𝐺+1 >
⃒
⃒ 𝜀 · RMSE𝜃𝑘,𝐺
⎪
⎪
⃒ < 𝜀 · RMSE𝜃
⎨ 𝑢𝑘,𝐺+1 if ⃒RMSE𝜃 − RMSE𝑢
𝑘,𝐺
𝑘,𝐺+1
𝑘,𝐺
⃦
⃦ ⃦
⃦
𝜃 𝑘,𝐺+1 =
;
⃦
⃦ ⃦
⃦
and
<
⎪
⃦𝛽
⃦
⃦𝛽
⃦
𝑢𝑘,𝐺+1
𝜃 𝑘,𝐺
⎪
⎪
⎩
𝜃 𝑘,𝐺
else.
Mutation and crossover;
Find the satisfied probability which represents the one chosen by strategy l
at the 𝐺𝑡ℎ generation;
Update the probability;
Evaluation;
Detect the result of the norm of the output weight;
Evaluate if the trial vector picked is sufficient for the neuron network with
the better generalization and a smaller weight;

Evolutionary algorithms are the optimization of parameters in neuron networks.
Differential evolution is the most simplified method and has been widely used. In
most cases, the trail vector generation strategies and the control parameters have to
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be chosen manually. This previously used method can generate promising solutions
as an experience to generate the trail vector strategy. That is to say, that the
controlling parameter is chosen by the strategy pool based on previous results. And
then the output weight is calculated using Moore-Penrose generalized inverse, which
is the same as other algorithms. Differential evolution is the method which is used
to minimize the target function. It evolves a population of NP individual parameter
vectors aiming to fix the global optimum. In general, the algorithm leaves the NP
parameter to be determined by users and the trial vector is generated in the pool
from the learning procedure. The smaller the RMSE detected by the trial vector,
the higher the probability of the correctness in the current generation is. But other
than the decision of the most appropriate number of populations is NP, no other
parameter is requested anymore.

3.3.7 Enhanced Self-Adjusting ELM (ESA-ELM)
Enhanced Self-Adjusting ELM (ESa-ELM) is proposed by Albadr et al. [6] to
optimize hidden layer input weights and biases using Enhanced ATLBO (EATLBO)
algorithm, by two phases: the Teaching phase, and the Learning phase. In EATLBO,
the Split Ratio and K-Tournament methods are integrated into ATLBO in order to
solve its two problems. The first problem is that the ATLBO gives wrong solutions
and provides the incorrect answer if the best solution lies within a local optima. The
Second problem is that it cannot determine if there is a better solution other than the
best solution. The k-Tournament method is used to select K solutions from the total
population randomly, then select the best solutions from the selected solutions to be
passed to the next generation. This is repeated until the desired number of solutions
have been achieved and then transferred to the next generation. The Split ratio
method determines which of the best solutions will be passed to the next generation
based on a 25%-75% ratio, This means that the best 25% solutions are chosen in
a deterministic manner, and transferred the next generation, the others 75% are
selected randomly from the overall population to pass to the next generation. The
ESA-ELM algorithm summarized as shown in Algorithm 10.
The learner mark of first generation are initialized as a set of vectors from hidden
layer parameters following the equation 3.24

𝑋 = {𝑎11 · · · 𝑎𝑚𝑛 𝑏1 · · · 𝑏𝑚 }

(3.24)
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Algorithm 10: Enhanced self-adjusting ELM (ESA-ELM)
1: Step (1): Generate the input weights and the hidden layer randomly
and sets the population number and target function. Then initialize
the population using eq.3.24,
while L< max iteration do
2:

Step (2): Teaching phase,
. Calculates the fitness value of each variables by eq.3.25
. identify the best solution(teacher)
. update the learners’mark as eq.3.26,
. Calculate the fitness value, and compare it with the previous calculated
value and replace it if its better
3: Step (3): Learning phase,
a . Select two solution 𝑋𝑖 and 𝑋𝑗 based on the Split Ratio and
K-Tournament methods as eq. 3.27,
b . Calculate the fitness value, and compare it with the previous calculated
value and replace the value if its better,
a
b
c
d

The Teaching phase is the learning from the teacher phase, where the target fitness
function calculated and the hidden layer parameters are updated. In the first step
the fitness value of target function is calculated as shown in equation 3.25

√︃
𝑓 (𝑋) =

∑︀𝑁 ∑︀𝑚
2
𝑗 ‖
𝑘 𝛽𝑘 𝑔 (𝑎𝑘 𝑥𝑗 + 𝑏𝑘 ) − 𝑦𝑖 ‖2
𝑁

(3.25)

The learner with the lowest fitness value is chosen as a teacher and the new mark
of the learner is generated based on the previous mark 𝑋𝑜𝑙𝑑,𝑖 and the difference
between the previous learner mark and the teacher (𝑋𝑏𝑒𝑠𝑡 − 𝑋𝑜𝑙𝑑,𝑖). the parameters
are updated as follows in equation 3.26:

𝑋𝑛𝑒𝑤,𝑖 = 𝜔𝑖 𝑋𝑜𝑙𝑑,𝑖 + 𝜑𝑖 (𝑋𝑏𝑒𝑠𝑡 − 𝑋𝑜𝑙𝑑,𝑖 ), 𝑤ℎ𝑒𝑟𝑒
𝜔𝑖 = 1/(1 + exp (−𝑓 (𝑖)/𝑎)𝑖𝑡𝑒𝑟 ) 𝑎𝑛𝑑
𝜑𝑖 = 1/(1 + exp(−𝑓 (𝑖)/𝑎) × 𝑖𝑡𝑒𝑟)
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(3.26)

3.4 Limitations and Needs for Optimization

Moreover, in equation 3.26 𝜔𝑖 is the inertia weight, that influences the effect of the old
learner mark, 𝜑𝑖 represents the acceleration coefficient that determines the maximum
step size and a represents the maximum value of target function fitness. During the
Learning phase: By interacting with each other, the learners have increased their
marks in the learning phase, the split ratio method is used to update the parameters
structure. The learners mark are updated in the 𝑖𝑡ℎ iteration as presented in equation
3.27 where 𝑋𝑏𝑒𝑠𝑡 represents the best learner, 𝛼𝑖 and 𝜌𝑖 are the acceleration coefficients,
that determine the step size based on two learners differences.

{︂

𝑋𝑜𝑙𝑑,𝑖 + 𝛽𝑖 (𝑋𝑗 − 𝑋𝑖) if 𝑋𝑖 ≤ 𝑋𝑗 ;
𝑤ℎ𝑒𝑟𝑒
𝑋𝑜𝑙𝑑,𝑖 + 𝛼𝑖 (𝑋𝑗 − 𝑋𝑖) if 𝜃𝑖 > 𝜃𝑗 .
𝛼𝑖 = 1 − exp(𝑓 (𝑋𝑗 ) − 𝑓 (𝑋𝑖 )), 𝑎𝑛𝑑
𝜌𝑖 = 1 − exp(𝑓 (𝑋𝑏𝑒𝑠𝑡 ) − 𝑓 (𝑋𝑖 ))
𝑋𝑛𝑒𝑤,𝑖 =

(3.27)

Compared to the ELM, the ESA-ELM avoids the random generation of the input
weight and basis, with good performance but it has the problems from the EATLBO
method, in the selection criteria and the ability to produce good new solutions. This
could result in a slow convergence rate or insufficient optimization which, most of
the time, could not guarantee the optimal solution.

3.4 Limitations and Needs for Optimization
ELM is a simple method which projects the data from the input space to the ELM
feature space without losing any features. ELM also randomly generates the input
weights and the bias of hidden nodes, which will cause: Firstly, a slow learning
speed caused by the minor roles played by some hidden nodes with too small output
weights on the network’s output. Second, a slow error reduction during the training
process caused by these invalid hidden layer neurons which increases the network
complexity [209]. To solve this, most of the proposed algorithms focus on simplifying
the computation process or finding the optimized depth of the SLFNs or expand
the range of the generalized methods via multi-layers or complex domain. However,
for weight random optimization, proposed solutions tend to replace the completely
randomly generated input weight and bias by a fully controllable metrics which turns
the ELM to a controlled method and reduces the benefices of the weights randomness
in the ELM results.
Moreover, the latest algorithm trends to have more control in manipulating the
simple random matrix or biases and take prior information into consideration. Since
in practical cases the fully randomized result may have a better result, but it is
not proven to be the optimal. Although the latter algorithms consider finding the
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optimized hidden nodes number oe input weights as a problem in order to have the
solution with meta-heuristic optimization methods to determine the needed controlling parameters with the higher probability of correctness. But neither oriented on
cont rolling the initial random weights by selecting the best weights . In literature
there is no specific idea proposed so far about the weight selection without controlling
the random initialization or weight pruning optimization, which is an important
part of the extreme machine learning in data classification. Furthermore, due to
the instability and heavily noisy input data in this study, the bio-signal, it is more
efficient to consider an optimal weight setting method so that the classification of
the testing data set will not be influenced by the randomness of the model generated
by the training set.
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ELM is proved in the literature to over perform other algorithms in terms of accuracy,
speed and model size. So it is more suitable for embedded systems. But the weights’
random tuning remains a source of incertitude in terms of the optimal result that
could be reached by this algorithm. As presented in section 3.3, many optimizations
of ELM have been proposed by researchers with different approaches to reduce
this effect. However, the used optimization methods are relatively old algorithms
in the field, and new optimization methods with good performances in various
applications have been newly proposed and could give better results. Moreover,
none of the proposed methods investigated the selection of randomly generated
weights to optimize the architecture of ELM without controlling it randomization
process. Hence in this chapter the proposed methods to optimize the ELM by its
weight selection will be detailed with their theoretical backgrounds and estimated
performances.

4.1 ELM Weights Selection
A neural network weight selection is one of the pruning types of the network architecture also named connection pruning, where the number of connections in the network
is reduced. Another type is the nodes pruning where the number of hidden nodes
is reduced by selecting the more significant hidden nodes [182]. For ELM pruning,
researchers have proposed several methods for nodes pruning [7], [219], [79], [56],
[37], [133], [38], but the weight pruning problem is not yet studied. To cover this
gap in the ELM architecture optimization strategies a weight selection of ELM is
proposed in this dissertation as shown in Figure 4.1. In fact, the selection of initially
generated weights proposed in this work has the aim of keeping only the best subset
of weights, which shares the same idea as feature selection methods. In the last
indicated methods, the goal in general is to define the best subset of features to
improve the performance of the classification stage. Moreover, the feature selection
importance is due to the fact that the quality of classification is variable along with
the number of features. Hence, the control of this number is important because
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Figure 4.1: Proposed ELM architecture optimization strategy

when it is too small, it may cause the overlap of data, which means it is not enough
for classification. But if features are too much, the dimension of the problem will
increase and more complexity of classification algorithms will be needed. Similarly to
the number of features, the number of weights in ELM also impacts the over-fitting,
the model size and the complexity. Therefrom, comes the inspiration of using a
feature selection approach as a strategy for ELM weights selection.
4.1.1 Selection Strategy
Starting from feature selection, there are three major categories of methods: filter
based, wrapper based and embedded methods [44]. Filter based methods [57] are
the most straightforward and simplified methods. They don’t necessarily require a
selection of the feature subsets. Instead of that, they assess each feature according
to the divergence and correlation, which are used to set the threshold for feature
selection. These methods are fast but ignore the classification results based on the
selected features.
A Wrapper [224] realizes several iterations with strategically chosen subsets of features
in order to select the optimal subset of features leading to the best results. In each
iteration, it uses a different feature subset to train the model and carries out a classification. By the end of the iteration, the accuracy rate is evaluated and compared
to the others. After a certain number of iterations, the subset of features delivering the best classification result is maintained as the result of the wrapping procedure.

62

4.1 ELM Weights Selection

In a further approach, embedded feature selection scheme [126], which is the combination of both the filter and wrapper principles for feature selection, can be principally
implemented for feature selection. In this case, the feature subsets importance is first
evaluated with a filter process, so that only the top important features go to evaluation with a wrapper process, which reduces the computing complexity. Moreover,
embedded methods include an irreversible modification into the classification method
training phase, in which they are implemented, and they have as a feedback not
only the selected features but also a trained model for the use in the classes prediction.
After the discussion of all categories and under consideration that our aim is only
to create a weight selection method, which considers the ELM training accuracy as
feedback without including another classifier in its architecture, a wrapper, having
the general structure for feature selection shown in Figure 4.2 is the suitable method.

Figure 4.2: Structure of a basic wrapper for feature selection

Moreover, search strategies for feature selection have all of them their advantages and
limitations related to time consumption and complexity. They can be categorized to:
• In the probabilistic search [135] the feature subset selection is made based on
probability calculations of a certain evaluation parameter of feature subsets
and various subsets combinations [58]. Las Vegas algorithms [33], Monte Carlo
algorithm [33] and Las Vegas Filter [135] are examples of probabilistic search
based feature selection methods. The complexity in such methods is linear
in dependence on the number of iterations [135], but experiments has shown
that in order to find the best feature subset, the number of required iterations
should be at least quadratic to the number of features [58].
• For exhaustive search [58], all combinations of features are evaluated to choose
the best subset. Nevertheless, it guarantees the selection of the best subset. It
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has high complexity which is exponential in terms of data dimension [183] and
it can encounter problems if the data has highly correlated features [58].
• Heuristic search [183] evaluates different subsets of features to optimize a so
called objective function that determines the statistical significance degree of
difference between each subset by a given cost measure as an iterative process
with a stopping condition related to the improvement of the solution. Different
subsets are generated either by exploring the full search space and considering
possible feature combinations as a solution to be evaluated in each iteration
starting by an empty initial subset or by generating approximate solutions
by eliminating features from the initial full feature set in each iteration [138],
[44]. Examples of heuristic methods for feature selection [157] are Greedy
hill climbing algorithm, sequential forward selection and sequential backward
selection, branch and bound method, beam search and best first algorithm. In
this case, the time complexity is quadratic to the data dimension. [183].
• Complete search [157] methods, such as FOCUS [58], traverse the solution
space completely up to reaching the optimum feature subset. Considering 𝑛
features, there are 2𝑛 different combinations of features to evaluate. Thus, the
evaluation of all the combinations for a big number of features is impossible.
As a consequence, complete search methods are seldom implemented because
of time and storage complexity with large databases including many features
(𝑛 > 50 features) [214].
• Meta-heuristic search [210] such as Genetic Algorithm (GA), Particle Swarm
Intelligence Optimization (PSO), Grey Wolf Optimizer (GWO) and Ant Colony
Optimization (ACO) have shown efficient results while comparing time complexities with heuristic algorithms [157].
The meta-heuristic search has shown a better performance in terms of computational
complexity and searching time in comparison with other search strategies. However,
among meta-heuristics, the most critical drawbacks of some algorithms, such as
PSO and GA, is the long searching time caused mainly by the stagnation to local
optima especially in high dimensional searching space. Contrarily, the Grasshopper
Optimization Algorithm proposed in [196] is known by its low searching time insured
by its fast convergence ability even in high dimensional or unknown search space [102].
Hence, First a detailed explanation of GOA, its variants and its advantages is
presented in this chapter under the subsection 4.1.2, then a theoretical comparison
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between GOA and other meta-heuristics reported to be used for ELM optimization
is done based on literature in this chapter under the subsection 4.1.3.
4.1.2 Variants of Grasshopper Optimization Algorithms (GOA)
Grasshopper optimization Algorithm (GOA) is a nature inspired, swarm intelligence
algorithm proposed in 2017 by Shahrzad et al. [196], which is announced to be able
to improve the initial random population for its optimization objective function.
According to the grasshopper behavior in nature, the description of each grasshopper’s
position could be modeled by the equation 4.1 where 𝑋𝑖 is the position of the number
𝑖 grasshopper. 𝑆𝑖 is the social interaction in the swarm, 𝐺𝑖 represents the gravity
force on the 𝑖𝑡ℎ grasshopper and 𝐴𝑖 is the wind abduction.
𝑋 𝑖 = 𝑆 𝑖 + 𝐺 𝑖 + 𝐴𝑖

(4.1)

For insuring the generalization of the algorithm, [196] affirmed that a random factor
should be considered, which is multiplied to each component as shown in equation
4.2 where 𝑟1 ,𝑟2 ,𝑟3 ∈ [0..1].
𝑋 𝑖 = 𝑟 1 𝑆 𝑖 + 𝑟 2 𝐺 𝑖 + 𝑟 3 𝐴𝑖

(4.2)

It is assumed that grasshoppers move in crowd, so the influence will be social
interactions, gravity force and wind abduction where the social influence could be
described by the equation 4.3:
𝑆𝑖 =

𝑁
∑︁

𝑠(𝑑𝑖𝑗 )𝑑̂︁
𝑖𝑗

(4.3)

𝑗=1,𝑗̸=𝑖

In 4.3, 𝑑𝑖𝑗 is the euclidean distance between 𝑖𝑡ℎ and 𝑗 𝑡ℎ grasshoppers defined as
𝑑𝑖𝑗 = |𝑥𝑗 − 𝑥𝑖 | and 𝑑^𝑖𝑗 is the unit vector representing the direction of the swarm
placement, as 4.4 shows and 𝑠 represents the social relations among grasshoppers,
which can be described as the strength of social force and distance, as 4.5 shows:
𝑥𝑗 − 𝑥𝑖
𝑑^𝑖𝑗 =
𝑑𝑖𝑗

𝑠(𝑑) = 𝑓 𝑒

−𝑑
𝑙

− 𝑒−𝑑

(4.4)

(4.5)

𝑓 is the attraction intensity of each grasshopper with regards to the other members of
the swarm, 𝑙 is the attractive length scale and 𝑑 is the social distance. Experiments
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had shown that, considering a fixed number of l and f, the variation of 𝑑 in 𝑠(𝑑),
will cause the variation of 𝑆𝑖 with 𝑠(𝑟) = 0 when the distance reaches the value
2.079. This shows that 𝑑 = 2.079 is the comfort zone of a grasshopper where neither
attraction nor repulsion are needed and that the distance between grasshoppers has
a major influence on the social interaction function. While, considering a variant 𝑙
or 𝑓 with a constant value of the other one or both as variables, 𝑠(𝑑) slightly shift
around 0 when 𝑑 is greater than 4 . Hence, to prevent loose attraction force caused
by long distances between grasshoppers, this distance is mapped in the interval [1,4].
In addition to the social attractions, the mathematical description of other components of the equation 4.2 which affect the position of grasshopper agents are defined
in equations 4.6 and 4.7, where 𝑔 is the gravitational constant, 𝑒̂︀𝑔 is a unity vector
vertical to the surface, 𝑢 is the constant drift caused by wind, and 𝑒̂︁
𝑤 is a unity
vector representing the direction of the wind.
𝐺𝑖 = −𝑔 𝑒̂︀𝑔

(4.6)

𝐴𝑖 = 𝑢̂︁
𝑒𝑤

(4.7)

Hence, the mathematical model of the grasshoppers can be rewritten as shown in the
equation 4.8 with 𝑁 is the number of grasshoppers. However, according to the model
proposed by [196], the gravity force is equal to 0. As for the wind factor, in reality, it
is the main factor controlling the direction of the swarm during its movement, which
is the role played by the target 𝑇^𝑑 in the grasshopper optimization algorithm.
𝑋𝑖 =

𝑁
∑︁

𝑠(|𝑥𝑗 − 𝑥𝑖 |)

𝑗=1,𝑗̸=𝑖

𝑥𝑗 − 𝑥𝑖
− 𝑔 𝑒̂︀𝑔 + 𝑢̂︁
𝑒𝑤
𝑑𝑖𝑗

(4.8)

Furthermore, since the GOA is a meta-heuristic optimizer, it should have a certain
balance between exploration and exploitation in the searching space to achieve
an accurate result, which is not present in the equation 4.8. In order to solve
this problem, the coefficient 𝑐 shown in the equation 4.9 where 𝐿 is the maximum
number of iterations and 𝑙 is the current iteration number, is integrated into the
GOA mathematical model as a decreasing coefficient for controlling exploitation and
exploration balance.

𝑐 = 𝑐𝑚𝑎𝑥 − 𝐼
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𝑐𝑚𝑎𝑥 − 𝑐𝑚𝑖𝑛
𝐿

(4.9)
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Therefore, the equation 4.2 can finally be represented by the equation 4.10 where 𝑑 is
the dimension, 𝑢𝑏𝑑 is the upper bounder and 𝑙𝑏𝑑 represents the lower bounder of the
searching space. Furthermore, there are two 𝑐 in the mathematical modal presented
by equation 4.10, which have different roles, even if their values are calculated through
the same formula. The outer 𝑐 controls the search convergence around the target
through the proper number of iterations. And the inner 𝑐 controls the decreasing
of attraction zone, comfort zone and repulsion zone by multiplying the mean value
𝑑
of the searching space as 𝑐 𝑢𝑏𝑑 −𝑙𝑏
, which results a linear behavior of the exploration
2
process in GOA.

(︃

𝑋𝑖𝑑

𝑁
∑︁

𝑥𝑗 − 𝑥𝑖
𝑢𝑏𝑑 − 𝑙𝑏𝑑
𝑠(|𝑥𝑑𝑗 − 𝑥𝑑𝑖 |)
=𝑐
𝑐
2
𝑑𝑖𝑗
𝑗=1,𝑗̸=𝑖

)︃
+ 𝑇^𝑑

(4.10)

For an unknown system, grasshopper optimization can also be used. Just select the
one with the best objective value as the starting search agent 𝑇^𝑑 , which is the target
of each optimization step. The whole optimization procedure can be concluded in
Algorithm 11.
Algorithm 11: Grasshopper optimization algorithm [3]
1 Initialization of CMin, CMax and MaxIteration;
2 Initialize the population of particles Xi;
3 Evaluate each solution in the population;
4 Set T as the best solution;
5 while t < MaxIteration+1 do
6
Update c using the controlling parameter equation;
7
for each solution do
8
Normalize the distances between the grasshoppers in [1,4];
9
Update the location of the current solution;
10
Bring the current grasshopper back if it goes outside the boundaries;
11
end for
12
Update T if there is a better solution in the population;
13
t = t + 1;
14 end while
15 Return T;
The grasshopper optimization algorithm (GOA) is proved to be efficient in solving
global unconstrained and constrained optimization problems. However, the original
GOA has shown performance limitations in solving some practical problems. In
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order to improve the performance of the original GOA in solving specific problems,
researchers have proposed some improvement strategies for GOA [140].

4.1.2.1 Binary (BGOA)
In BGOA proposed as shown in Algorithm 12 in [142], the probability of changing
the grasshoppers positions is based on the step vector values. So, the position of
the current grasshopper will be updated based on the obtained 𝑇 (𝛥𝑋) value where
𝛥𝑋 is defined by the equation 4.11 and 𝑇 symbolizes the application of the sigmoid
transfer function.
)︃
(︃ 𝑁
∑︁
𝑢𝑏𝑑 − 𝑙𝑏𝑑
𝑑
𝑑 𝑥𝑗 − 𝑥𝑖
𝑠(|𝑥𝑗 − 𝑥𝑖 |)
(4.11)
𝛥𝑋 = 𝑐1
𝑐2
2
𝑑𝑖𝑗
𝑗=1,𝑗̸=𝑖
Although, BGOA had proven to over-perform other binary optimizers such as BGWO
and BPSO for feature selection efficiency [142], it still presents the limitation of
premature convergence is some cases, which is caused by the linear behavior of the
GOA exploration process that leads to a limited diversity of solutions.
Algorithm 12: Algorithm of the binary grasshopper optimization algorithm [142]
1 Initialization of CMin, CMax and MaxIteration;
2 Initialize the population of particles Xi;
3 Evaluate each solution in the population;
4 Set T as the best solution;
5 while 𝑡 ≤ 𝑀 𝑎𝑥𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 do
6
Update c using the controlling parameter equation;
7
for each solution do
8
Normalize the distances between the grasshoppers in [1,4];
9
Update the step vector 𝛥𝑋𝑖 of the current solution;
10
for 𝑖 = 1 : 𝑑𝑖𝑚 do
11
if 𝑟𝑎𝑛𝑑 ≥ 𝑇 (𝛥𝑋𝑡+1 ) then
12
𝑋𝑡+1 (𝑖) = 1;
13
else
14
𝑋𝑡+1 (𝑖) = 0;
15
16

68

𝑡 = 𝑡 + 1;
Return 𝑇 ;
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In [142], authors also criticized their proposed BGOA and affirmed that it suffers
from the premature convergence. The solution proposed in [142] was the introduction
of an extra operator called mutation in order to quantify the attraction among each
grasshopper into a position or a negative value. In order to reduce the complexity,
50% of population is selected to determine the probability, as shown in equation
𝑑
is the 𝑑𝑡ℎ dimension of the following iterations, the 𝛥𝑋𝑡𝑑 is the
4.12 where 𝑋𝑡+1
step size generated by 4.11 and 𝑟3 is the random number generated in the interval
[0..1]. Comparing to sigmoid transfer function the performance of 4.12 covers both
exploration and exploitation.
⎧
𝛥𝑋𝑡𝑑 ≤ 0
⎨{︂ 𝑇 𝑎𝑟𝑔𝑒𝑡𝑑𝑡
𝑑
𝑋𝑡+1 =
(4.12)
1 𝑟3 ≤ 0.5
𝛥𝑋𝑡𝑑 < 0
⎩
0 𝑟3 < 0.5
The pseudo-code of the mutation based BGOA was also presented in [142] as
Algorithm 13 shows:
Algorithm 13: Pseudocode of M-BGOA
Initialize 𝐶𝑚𝑎𝑥 ,𝐶𝑚𝑖𝑛 and 𝑀 𝑎𝑥𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 ; Initialize a population of solutions
𝑋𝑖 (𝑖 = 1, 2, · · · ,𝑑𝑖𝑚); Evaluate solution in the population; Set Target as
the best solution; while 𝑡 < 𝑀 𝑎𝑥𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 do
2
Update 𝑐 ; for each solution do
3
Normalize the distances between grasshoppers in [1,4]; Update the
step vector 𝛿𝑋𝑡 of the current solution; for 𝑖 = 1 : 𝑑𝑖𝑚 do
4
if 𝛿𝑋𝑡 (𝑖) > 0 then
5
𝑋𝑡+1 = 𝑇 𝑎𝑟𝑔𝑒𝑡𝑃 𝑜𝑠𝑖𝑡𝑖𝑜𝑛(𝑖); else
6
if 𝑟𝑎𝑛𝑑 ≤ 0.5 then
7
𝑋𝑡+1 = 1; else
8
𝑋𝑡+1 = 0;

1

9
10

𝑡=𝑡+1 ;
Return Target;

4.1.2.2 Chaotic GOA
As affirmed in [16] GOA has the benefit of avoiding local minimal and increased
global optima finding capability in comparative with other optimization methods
but the linear behavior of exploration and exploitation remains one of the biggest
problems in GOA. According to the GOA equations, the coefficient 𝑐 is used to
balance these two factors. However, in practical this parameter is generated using
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the linear equation 4.9 with constant parameters as maximal and minimal values
which can not guarantee the optimal exploration nor exploitation behavior and lead
to a limitation of the global convergence speed. Therefore, in [16] chaos theory is
introduced into the optimization process of GOA to accelerate its global convergence
by replacing the linear 𝑐 by a chaotic coefficient . In this case, chaotic map is used to
balance the exploration and exploitation as well as reduce the repulsion/attraction
forces between grasshoppers in the optimization process. The process of combination
is to replace the linear declined coefficient used as crucial parameter of GOA with a
sequence generated by chaotic map. In this case, the rate of global convergence is
accelerated and the trap of global minimal is prevented. In general, [16] proposed a
deterministic chaotic coefficient to replace the linear decreasing coefficient in basic
GOA and as mentioned in the subsection 4.1.2, In equation 4.10, parameter 𝑐 controls
the search convergence around the target and varies with the number of iterations.
The outer 𝑐 balances the exploration and exploitation and the inner 𝑐 set restriction
of three zones: attraction, comfort and repulsion. Using various chaotic maps to
adjust two 𝑐 according to the favor of the search leads to a higher convergence speed
and the GOA main equation will be presented as equation 4.13.

(︃

𝑋𝑖𝑑

𝑁
∑︁

𝑥𝑗 − 𝑥𝑖
𝑢𝑏𝑑 − 𝑙𝑏𝑑
𝑠(|𝑥𝑑𝑗 − 𝑥𝑑𝑖 |)
= 𝑐1 (𝑡)
𝑐2 (𝑡)
2
𝑑𝑖𝑗
𝑗=1,𝑗̸=𝑖

)︃
+ 𝑇^𝑑

(4.13)

Algorithm 14: Chaotic grasshopper optimization algorithm
Initialization of Chaotic map parameters and MaxIteration;
2 Initialize the population of particles Xi;
3 Evaluate each solution in the population;
4 Set T as the best solution;
5 while t < MaxIteration+1 do
6
Update 𝑐1 and 𝑐2 using the chaotic maps;
7
for each solution do
8
Normalize the distances between the grasshoppers in [1,4];
9
Update the location of the current solution by equation 4.13;
10
Bring the current grasshopper back if it goes outside the boundaries;
11
end for
12
Update T if there is a better solution in the population;
13
t = t + 1;
14 end while
15 Return T;
1
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In this case, [16] investigated several combinations of chaotic map with original
GOA parameters. Assuming the outer 𝑐 is 𝑐1 and the inner one is 𝑐2 , the possible
combinations are : Chaotic 𝑐1 and linear 𝑐2 , linear 𝑐1 and chaotic 𝑐2 or chaotic 𝑐1
and chaotic 𝑐2 . Chaotic 𝑐1 allows GOA update the position of the searching agent
chaotically. While, the chaotic 𝑐2 helps GOA to alter the three zones. The Result
shows that the single chaotic parameter does not improve the performance. Moreover,
each one of the 𝑐 parameters can be generated by a different chaotic map , which leads
to the use of different searching pattern during the exploration and the exploitation.
Among all tested chaotic maps [16], circle map has the best performance since it has
a better capability in balance exploration and exploitation together with decreasing
the zones for a better exploitation capability. In addition, the search space can be
found with the help of chaotic parameter so that the exploitation of the neighborhood
is chaotic. As [16] found for the CGOA (see Algorithm 14), the circle map has the
best performance and Gaussian map has the worst.

4.1.2.3 Levy Flight (LGOA)
As affirmed in [245] the original GOA adopts linearly adaptive strategy on c to
balance exploration and exploitation, but it has some drawbacks. Once this strategy
falls into local optimum in the early stage of search, it will be difficult to escape and
find the optimal solution in the later stage of search. Therefore, GOA should be
improved, to be able to explore the search place efficiently and overcome the local
optima. Levy flight is an effective method to prevent the premature convergence due
to its long jump property. Therefore, levy flight is introduced into GOA in [245] to
ensure global optimum according to the equation 4.14.
𝑑
𝑑
𝑋 (𝑡 + 1) = 𝑋 (𝑡) + 𝛼 ⊕ 𝐿𝑒𝑣𝑦(𝜆)
𝑖
𝑖

(4.14)

where 𝑋 𝑑𝑖 (𝑡) represents the d–dimension location of the 𝑖𝑡ℎ grasshopper, 𝛼 > 0 is
the step size related to the scale of the problems. In most cases, 𝛼 = 0. 𝜆 could
be used as the levy distribution parameter and the product ⊕ means entry-wise
multiplication. The random step length Levy(𝜆) is generated by the equation 4.15.
𝐿𝑒𝑣𝑦(𝜆) =

𝑎𝜇
|𝜗|1/𝛽

(𝑇𝑑 (𝑡) − 𝑋𝑖𝑡 )

(4.15)

where 𝑎 is a constant and set to 0.5. 𝜇 and 𝜗 are drawn from normal distributions,
𝑇𝑑 (𝑡) represents the d–dimension location of the target grasshopper (best solution
found so far). Levy flight can significantly improve the exploratory performance of
GOA and achieve local minima avoidance. In addition, the LGOA (see Algorithms 15)

71

Chapter 4 Random K-Tournament Grasshopper Extreme Learner

can not only improve the the exploitation behavior, but also increase the exploration
ability of the grasshoppers.
Algorithm 15: Levy flight grasshopper optimization algorithm
Initialization of CMin, CMax and MaxIteration;
2 Initialize the population of particles Xi;
3 Evaluate each solution in the population;
4 Set T as the best solution;
5 while t < MaxIteration+1 do
6
Update c using the controlling parameter equation;
7
for each solution do
8
Normalize the distances between the grasshoppers in [1,4];
9
Update the location of the current solution by equation 4.14;
10
Bring the current grasshopper back if it goes outside the boundaries;
11
end for
12
Update T if there is a better solution in the population;
13
t = t + 1;
14 end while
15 Return T;
1

4.1.2.4 Improved GOA
[212] proposed an improved variants of GOA by updating the equation for parameter
𝑐. Comparing to CGOA which is replacing the linear decreasing 𝑐 by chaotic maps,
this IGOA introduces further adjusting parameters to quantify 𝑐 according to the
range of c, as equation 4.16 where 𝜎 represents the rates of the decreasing of 𝑐. The
lower the 𝜎 is, the smaller the decreasing will be, which means the value of 𝑐 will be
high for more iterations shows:
{︂
𝑙
)2 ) 𝑖𝑓 𝑐 > 𝑐𝑚𝑖𝑛
𝑒𝑥𝑝(−0.5( 𝐿/𝜎
(4.16)
𝑐=
𝐶𝑚𝑖𝑛
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
In another word, a large 𝜎 will lead to wider exploitation procedure. In addition, a
biased random walk nature, is added to GOA in order to expand the exploration
phase. The random walk appears in the grasshopper re positioning in the swarm, by
replacing the linear sized step by a random generated step size , thereby, guarantees an
escape of local optima with a probability 𝑝 ∈ [0,1]. This probability decides whether
initiate the random walk or not in each iteration. In general, this IGOA improves
parameter 𝑐 which controls the balancing of exploration and exploitation as well as introduces random walk in the context of grasshopper stepping size inside of the swarm.
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4.1.3 Comparison of GOA with other Meta-heuristics
In comparison to the PSO detailed under the subsection A.1, regarding to parameters,
PSO requires two variables to determine the position of a particle while GOA needs
only one. Furthermore, PSO updates the agent position with respect to the current
position as well as its best and global best positions while GOA considers, in addition,
the interaction with other searching agents. So, in PSO, none of the other particles
contributes to updating a particle’s position, but GOA needs a reference from other
search agents as well. Moreover, GOA uses the behavior pattern of the comfort zone,
which controls the range of movement. It sets a range of alteration so that it expands
to a range rather than find an optimization value. This decreases the risk of fall into
the local minima and expands the searching space.
Bat Algorithm (BA) detailed in section A.4 is based on a population of bats, which
presents the possible solutions. Inspired by the real bats, the artificial bats use
echolocation to sense distance then fly randomly through the search space while
updating their positions and velocities with the aim of finding the prey, which is the
best solution to the considered optimization problem. Bat Algorithm takes a step
forward by adding more constraints on the controlling parameter so that the parameter’s determination will be easier. Similar to PSO, as well as many meta-heuristic
methods, BA is highly related to the parameter tuning mechanism. That is to say,
the performance of the algorithm depends on the setting and initialization session.
This makes the algorithm lack capability of generalization due to the variations of
problem and environment. Also, during the interactions, the primary set parameters
will not alter during the searching process, which increases the risk of errors. Even
though BA has proposed two more parameters for controlling and monitoring, it is
not enough to avoid local minima trapping.
The searching algorithm of GWO detailed in subsection A.2 is the determination of
the population’s position according to the alpha lead over iterations. The population
tries to improve its position based on the position of leading wolves. The population
does not have great guidance, which has the risk of being trapped in local minima,
especially in large scale problems, while GAO searching algorithm determines the
population´s position as a whole swarm according to the interaction between searching agents, which proved to result in a good performance in large multi-dimensional
searching spaces.
Comparing to the Genetic Algorithm implemented in the GAP-ELM detailed in
subsection 3.3.2, both algorithms share the same randomly generated start point,
called initialized population, and the fact that the fittest solution is saved as the best
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solution for the next round even though the searching mechanism is also randomized.
But in GA, only the elite solution position is kept in each iteration. The five main
components of GA are: a random number generator, a fitness evaluation unit, a
reproduction process, a crossover process and a mutation operation. This shows
that the process of GA needs more conditions than GOA. It requires a more delicate
parameters selection mechanism, and it requires more conditions for computing as it
relies on functional derivatives-based decisions. While in GOA, the searching process
does not rely on the functional derivatives but the social interactions.
ESA is an algorithm based on TLBO, an elitist strategy separating the process into
2 phases so that the controlling and updating are independent of each other. It can
be observed that it proposes the fitness function, which is easier to be embedded
into a classifier for practical usage. The main difference of the ESA optimization
algorithm and GOA lies in the feedback from the objectve optimization function.
Considering that the optimization objective is a classifier, GOA uses the accuracy of
the classification as the fitness value while ESA has its own fitness function. This
mechanism makes the separation of optimization and training possible in such cases.
However, according to its mathematical model the computation complexity of the
ESA is ways more than the GOA complexity.

4.1.4 GOA Optimized ELM
The GOA is chosen as the core search strategy for optimal ELM weights selection
in this proposed approach, and the structure of the proposition could be seen in
Figure 4.3. However, GOA is originally built for continuous search problems [143]
and analogously to feature selection. The weight selection is considered as a discrete
search problem [81], [42]. Similarly to GOA, other meta-heuristic optimization
algorithms originally proposed for continuous searching spaces such as particle swarm
optimization (PSO), Grey wolf optimizer (GWO) and hybrid Particle Swarm Optimization Grey Wolf Optimizer (PSOGWO), among others, were modified to their
binary versions to solve feature selection problems [34], [73], [216]. According to
[154], using transfer functions is one of the easiest ways to convert an algorithm from
continuous to binary without modifying the structure, where the transfer function
defines the probability of updating the binary solution’s elements from 0 to 1 and
vice versa.
Transfer functions are categorized into two families according to their shapes: Sshaped and V-shaped. The S-shaped function is the sigmoid function, which is
a common transfer function for optimizer discretion [72], [45] specified as shown
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Figure 4.3: Proposed GOA optimized ELM structure

in equation 4.17 where 𝛥𝑋 represents the velocity of a search agent at a specific
iteration.
𝑇 (𝛥𝑋𝑡 ) =

1
(1 + exp(−𝛥𝑋𝑡 )

(4.17)

The aim of this project is to investigate the practical classification performance of
the proposed algorithm in the field of bio-signals feature selection and classification.
Hence, taking into account that the data in this study is a real application recorded
data with a large scale feature space, the choice of the GOA and ELM makes more
sense. However, since the GOA is relatively a new algorithm, many aspects, including
the selection strategy and the exploration/exploitation coefficients, still need to be
investigated to improve its performance.
Even though GOA possesses a good balance between exploration and exploitation, it
shows immature convergence and stagnation as its main drawbacks in some applications [156]. So, improving the exploratory performance of GOA and achieving local
minima avoidance are open fields of research. Moreover, increasing the population
diversity in GOA needs some investigation as also the linearity of some coefficients in
the mathematical model of the algorithm can limit the chance of some grasshoppers
to be selected and could lead to stagnation in local minima. Also, more investigations
on improving the search strategy and the grasshoppers re-positioning mechanism are
needed.

4.2 GOA Optimization for Selection Tasks
Some GOA variants in the literature such as BGOA and M-BGOA discussed the
selection problems. However, neither of them discussed the linear behavior of the
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coefficient c, which is responsible for the balance of the exploration and exploitation
processes in GOA. Other variants such as CGOA and IGOA discussed improving
this parameter by including randomization or a control process in the definition
of the parameter c. The CGOA considered neither the selection problem nor the
possible premature convergence caused by early trapping into a local optimum
and lack of population diversity in GOA. Both IGOA and LGOA neglected the
selection problems. However, they proposed to solve the early trapping problem by
controlling the step size, which could reduce the problem and improve the population
diversity compared to the original GOA but still do not allow equal chances for all
the population to participate in the selection process, which could be insured by
optimizing the solution selection strategy of GOA.
4.2.1 State of the Art Solution Selection Strategies
The solution selection strategy is basically used to determine the initial selected
best solution and specify the best solution update procedure. Many strategies are
proposed in the literature for meta-heuristic optimization algorithms, but only the
widely used ones are summarized in this section.
4.2.1.1 Random Walk (RW) Strategy
Random Walk is the process of having random steps consecutively [89]. In other
terms, it is the sum of a random-step-size continuous series, which is recursive. That
is to say, the following state 𝑆𝑁 +1 is only dependent on the current state 𝑆𝑁 and the
motion 𝑋𝑁 . Considering 𝑆𝑁 as a random walk series, it could be modeled as shown
in equation 4.18
𝑆𝑁 =

𝑁
∑︁

𝑋𝑖 = 𝑋1 + · · · + 𝑋𝑁 =

𝑖=1

𝑁
−1
∑︁

𝑋1 + 𝑋𝑁 = 𝑆𝑁 −1 + 𝑋𝑁

(4.18)

𝑖=1

The equation 4.18 has a typical property of the Markov chain, which are influenced
by two components: step size 𝑋𝑖 and step length 𝑖. So, the random walk can be
explained as the model in equation 4.19
𝑆𝑡+1 = 𝑆𝑡 + 𝑤𝑡

(4.19)

where 𝑆𝑡 is the current location at time 𝑡 and 𝑤𝑡 is the step with a given distribution.
The random walk could be expanded to d-dimension as long as each step is at
d-dimension. According to 4.19, there are two variables that influence the random
walk: the step size X and the step length 𝑖, which could be controlled by applying
the distribution. One of the classic distributions is the standard distribution or
Gaussian distribution. When obeying this distribution, the random walk becomes
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the Brownian motion or a diffusion process. The Brownian motion means that the
status or position of current status at time 𝑡 obeys the Gaussian distribution as
shown in equation 4.20
𝐵(𝑡) ∼ N(0, 𝜎 2 (𝑡))

(4.20)

where 𝜎 2 (𝑡) = (|𝑣0 |)2 𝑡2 + (2𝑑𝐷)𝑡, 𝑣0 is the drift velocity of the system, and 𝐷 =
(𝑠)2 /(2𝜏 ) is the effective diffusion coefficient and relies on the step length 𝑠 and short
time interval 𝜏 during each jump. Thus, when a random walk obeys a standard
distribution with a mean value of 0, the time-dependent variance can be called
the Brownian motion or standard diffusion. When the distribution changes, the
behavior changes. When step length obeys another distribution, the random walk
is generalized in a wider range. One of the typical cases is when obeying Levy
distribution called Levy flights [241], which is introduced in the following paragraph.
4.2.1.2 Levy Flight Strategy
The levy flight [145] is a random walk in which every step is derived from levy stable
distribution. Numerous studies have shown that the behavior of many animals and
insects is a classic feature of levy flight [232]. The motion trajectory combines the
short-distance search and the occasional long-distance search with small steps enabling
the optimization algorithm to search around the current solutions. Meanwhile, large
jumps, which are occasionally produced by Levy flight, could also do help prevent
the optimization algorithm from getting stuck in the local minimum [40]. The step
length s of the levy flight can be calculated using the mathematical model in equation
4.21:

𝑠=

𝜇
1

|𝜗| /𝛽

(4.21)

where 𝛽 = 1.5 is referred to as levy index, 𝜇 = 𝑁 (0, 𝜎 𝜇2 ) and 𝜈 = 𝑁 (0, 𝜎 𝜈2 ) are
drawn from normal distributions. Levy flight outperforms Brownian random walks
in exploring unknown, large-scale search space. In addition, the variance of Levy
flight changes faster than a linear distribution, and it is normally linked to some
scale-free characteristics so that the self-similarity and fractal behavior are shown in
the flight patterns [241].
4.2.1.3 Tournament Selection (TS) Strategy
As presented on [76], the TS is one of the most implemented selection strategies
for genetic algorithms because of its efficiency and simplicity of implementation.
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Moreover, the tournament strategy first introduced by Goldberg et al. [84] has been
successfully implemented to improve nature-based swarm intelligence algorithms
recently and proved its efficiency in improving the accuracy of algorithms such as
the Grey Wolf optimizer [25], the antlion optimizer [119] and the whale optimization
algorithm [143] among others.
In Tournament (see Algorithm 16), first, a population of N individuals is selected
randomly from the initial population. After that, the best individual in the selected
population will be chosen to re-position the poor solutions. The number of individuals
in the selected population is named the tournament size, and generally implemented
tournament sizes are 2, 4 and 7. The main advantage of Tournament is its tending
to give a chance to all individuals in the population to control the re-positioning of
the poor solutions. Thus, it preserves diversity. If the tournament size is large, weak
candidates have a smaller chance of getting selected as they have to compete with
stronger candidates. The selection pressure parameter determines the convergence
rate of the algorithm. The more the selection pressure is, the greater will be the
Convergence rate. The algorithm will be able to identify optimal or near-optimal
solutions over a wide range of selection pressures [76], [70].
Algorithm 16: K-Tournament selection algorithm
Choose K (tournament Size) individuals from the population at random;
2 Run "tournaments" among the K individuals chosen at random from the
population;
3 The winner of each tournament (the one with the best fitness) is selected for
crossover;
4 Repeat until the best individual is selected from the population;
1

4.2.2 Optimization of Solution Selection in GOA
Improving the exploratory performance and increasing the solutions diversity in GOA
needs special care. Among the studied solution selection strategies in this section,
the one known method to increase the population diversity into meta-heuristic search
is the tournament strategy, which has been successfully implemented to improve
nature-based swarm intelligence algorithms recently and proved its efficiency in
improving the accuracy of algorithms such as the Grey Wolf optimizer [25], the
ant-lion optimizer [119] and the whale optimization algorithm [144] among other.
First the tournament process is included into the grasshopper re-positioning process as
shown in the algorithm pseudo-code 17 by controlling the best population evaluation.
Furthermore, to perform the selection with this algorithm, the S-shaped transfer
function is applied to the velocity of the search agents in the same way shown in
Algorithm 12 before combining it with the extreme learning machine for weight
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selection. during the ELM training process. Hence a new optimized ELM classifier
named K–Tournament Grasshopper Extreme Learner (KTGEL) in proposed.
Algorithm 17: K-Tournament grasshopper optimization algorithm
Initialize CMin, CMax and MaxIteration;
2 Initialize the population of particles Xi;
3 Evaluate each solution in the population;
4 Set T as the best solution;
5 while t < MaxIteration do
6
Update c using the controlling parameter equation;
7
for each solution do
8
Normalize the distances between the grasshoppers in [1,4];
9
Update the step vector 𝛥𝑋𝑖 (𝑖) of the current solution;
Bring the current grasshopper back if it goes outside the boundaries;
10
11
end for
Conduct a K=2 tournament between the current solution and the rest of
12
the population;
13
Update T with the winners of the tournaments.;
14
t = t + 1;
15 end while
16 Return T
1

Moreover, the proposed binary KTGOA is supposed to solve selection problems in
general and due to the critical role of feature selection process for any classification
problem, we proposed to adap it also for feature selection problem. The proposed
feature selection method based on the binary KTGOA and ELM in a wrapper framework is named K Tournament Grasshopper Extrem Learning Machine (KTGELM).
To validate this this new feature selection wrapper, it will be first tested for feature
selection with benchmark data-sets (see subsubsection 6.1.1.1) in comparison with
other binary swarm-based meta-heuristics detailed in appendix A. The results of
this comparative validation are presented in section 6.1. Next the KTGELM will be
implemented a select features from the created ASL databases in this dissertation.
4.2.3 Randomization of Exploration
There are two tendencies in any nature-inspired algorithm: exploration and exploitation [71]. Comparing to the natural behavior of grasshoppers, the exploration could
be considered as expanding the searching space. Thereby, the observed searching
agent tends to move abruptly to boost the searching session. Normally the goal of this
session is to gather more information for a long-term searching strategy. Nevertheless,
during the exploitation, the searching grasshopper agents tends to go deeper into
a local possibility in order to get the best decision based on current information.
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Hence, the exploitation can be considered as a local search so that the searching
agent focuses on a smaller scale instead of going further [2]. According to the GOA
equations, the 𝑐 is used to balance these two factors. However, in practice, 𝑐 has a
linear evolution with a decreasing behavior by iterations, which does not guarantee
the optimal and could limit the solution diversity. Hence KTGOA also have the same
problem. Randomization is an essential component of swarm intelligence and modern
meta-heuristics, enabling an algorithm to jump out of any local optimum to search
globally. Randomization can also be used for a local search around the current best
if the steps are limited to a local region. Fine-tuning the randomness can balance the
local search (Exploitation process) and global search (Exploration process), which is
crucially important in controlling the performance of any meta-heuristic algorithm
[239]. However, GOA have a linear balancing coefficient of the previous mentioned
processes. Hence KTGOA also have the same problem.
Randomization techniques can be a very simple method using uniform distributions or
more complex methods as those used in Monte Carlo simulations [208]. They can also
be more elaborate, from Brownian random walks to Levy flights [240]. With the aim
is to keep the increase of computational complexity of the new algorithm as minimal
as possible in comparison with the original GOA, a simple uniform distribution is chosen in this case to balance the exploration and the exploitation as well as reduce the
repulsion/attraction forces between grasshoppers in the optimization process. The
combination process is to replace the linear declined coefficient used as a crucial parameter of GOA with two parameters generated by randomization with a continuous
uniform distribution. In this case, the global convergence rate is accelerated, and the
trap on local minimum is prevented with insurance of the population’s diversity. As
two parameters originally noted by the same coefficient, 𝑐 controls the search convergence around the target varies with the number of iterations. The outer 𝑐 in equation
4.10 balances the exploration and exploitation, and the inner 𝑐 sets restriction of
three zones: attraction, comfort and repulsion. Using various uniform distributions
to adjust the two 𝑐 according to the search’s favor leads to a higher convergence speed.
In this case, there are several combinations of randomness with the original KTournament GOA proposed in the previous section. Assume the outer 𝑐 in equation
4.10 is 𝑐1 and the inner one is 𝑐2 the possibilities are:
1. Random 𝑐1 and 𝑐2
2. 𝑐1 and Random 𝑐2
3. Random 𝑐1 and Random 𝑐2
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Random 𝑐1 allows the KTGOA to update the searching agent’s position, while random 𝑐2 helps the KTGOA alter its three zones. Thus, it is considered that the single
Random parameter can not improve the performance, and the configuration Random
𝑐1 and Random 𝑐2 is considered in this work. 𝑐1 controls the re-positioning of the
grasshoppers with the lowest fitness to new positions in the search space dimension
with regard to the position of the best selected grasshoppers by the tournament
(symbolized by the colored grasshopper in Figure 4.4 ) and 𝑐2 controls the comfort
zone by affecting the position of the best selected grasshoppers with regard to the
number of the iteration.

Figure 4.4: Structure of the proposed random optimized GOA-ELM

4.3 Random K-Tournament Grasshopper Extreme Learner
The final p roposed R KTGEL i s s hown i n A lgorithm 1 8. T he p roposed approach
tends to optimize the extreme learning machine by selecting the most significant
weights from the randomly generated ones during its initialization. The weight
selection is integrated into the training process of the ELM. Moreover, the proposed
KTGELM inherit the training procedure of ELM including the coupling between the
input data and the input weights. Hence the RKTGEL is able to perform the feature
selection within its training phase as an effect of weight coupling relation with the
input data during this phase. Thereby, each weight is coupled to one feature but one
feature is coupled to many weights, which results that a feature is only eliminated if
all its related weights are eliminated.
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Algorithm 18: Pseudo-code of the proposed random K-Tournament
grasshopper extreme learner.
Input: Given the training set N = {(𝑥𝑖 , 𝑡𝑖 ) |𝑥𝑖 ∈ R𝑛 , 𝑡𝑖 ∈ R, 𝑖 = 1 · · · 𝑁 } the
̃︀
activation function 𝑔, and the hidden nodes number 𝑁
Output: The output weight matrix 𝛽 and selected feature vector .
̃︀ ;
1 Assign random input weights 𝑤𝑖 , and biases 𝑏𝑖 , for 𝑖 = 1 · · · 𝑁
2 Initialize the tournament size and maximal iterations;
3 Initialize the population of grasshoppers Xi:(𝑤𝑖 ,𝑥𝑖 );
4 Run "tournaments" among the K individuals chosen at random from the
population;
5 The winner of each tournament is selected as the best solution;
6 while t < MaxIteration+1 do
7
Update 𝑐1 and 𝑐2 using random uniform function;
8
for each solution do
9
Normalize the distances between the grasshoppers in [1,4];
10
Update the step vector 𝛥𝑋𝑖 of the current solution;
11
for 𝑖 = 1 : 𝑑𝑖𝑚 do
12
if 𝑟𝑎𝑛𝑑 ≥ 𝑇 (𝛥𝑋𝑡+1 ) then
13
𝑋𝑡+1 (𝑖) = 1;
14
else
15
𝑋𝑡+1 (𝑖) = 0;
16

17
18
19
20

Conduct a K=2 tournament between the current solution and the rest of
the population;
Update T with the winners of the tournaments;
t = t + 1;
Return T: (𝑤,𝑥);
Calculate the hidden layer output matrix: Calculate the output weight
matrix,
𝛽 = H† T
where H† is the Moore-Penrose generalized inverse of matrix H and
𝑇 = [𝑡1 · · · 𝑡𝑁 ]𝑇 ;
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(4.22)

4.3 Random K-Tournament Grasshopper Extreme Learner

The proposed Random K-Tournament Grasshopper Extreme learner is estimated to
provide a better classification accuracy in comparison with the original ELM classifier
on different b io-signal databases for h and gesture recognition w ith a smaller model
size as non selected weights will be replaced by zero so that no more computations
will be affected to their scheme.
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CHAPTER 5
Data Collection and Pre-Processing
In this chapter, we report about the collection of a database of signals corresponding
to the American Sign Language alphabet (ASL) shown in Figures 5.1 and 5.1. Three
myographic techniques has been applied: Surface electromyography (sEMG), force
myography (FMG) and surface electrical impedance myography (sEIM) in order to
vary the signal sources. We have then selected the characteristics corresponding
to each type of signal to evaluate them and fix positions and/ or the number of
measurement channels for each used technique.

5.1 Data Collection Conditions
It should be considered that these data were collected from healthy, both genders
subjects between the ages of 20 and 32. Out of the total of 100 subjects who
participated in the data collection in this work, most subjects contributed in the
collection of only 10 gestures with one myographic measurement technique. Only 30
subjects participated in the collection with two or all of the techniques. In addition,
several individuals performed the same gestures in different ways depending on
the used level of contractile force while maintaining relaxed postures during data
collection.

Figure 5.1: American sign language alphabet numbers from 0 to 10 [28].

It is also to consider that some ASL letters and numbers are almost similar in
their appearance in photos (see Figure 5.3) and that all participants had no prior
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Figure 5.2: American sign language alphabet letters [17].

expertise in ASL performance. This required them to follow instructions and watch
ASL instructional videos. Despite this, their repetitions of the same gestures were
slightly different. It is to mention that many ambiguities could be caused by the

(a)

(b)

Figure 5.3: Hand signs with high similarity [231].

ASL alphabet performance rules as some of the signs are dynamic when others have
a same initial hand shape with small changes in the way to perform the letter or the
number. It could be noted that two of the letters are dynamic and performed by
tracing their shape in the air: "Z" and "J". Furthermore, letters "G" and "Q" have
the same hand shape but The "Q" is performed with palm down and the letters "K"
and "P" are based on the same hand shape but the "P" is done with the palm down
and the K with the palm forward. In addition, "I" and "J" use the same initial shape
with "I" is a static posture and "J" traces a the letter shape in the air. Moreover,
"H" and "U" use the same hand format with "H" horizontal and "U" vertical. Other
similarity could be seen among the letters "M", "N", "A", "T" and "S" , as all of them
are based on a fully closed hand but the position of the thump make the difference
as "T" shows only the index over the thump, M uses three fingers over the thumb
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and the N uses only two while the thump is over two finger in "S" and just staying
adjacent the index in "A".

5.2 Surface Electromyography (sEMG)
One of the main focuses of recent research in sEMG-based hand gesture recognition
is the defining approach to select the crucial muscles helping to detect a maximal
number of movements. This is done especially by adapting the number and position
of sensors. Moreover, muscle selection has been shown to actively contribute to the
precision of the gesture detection according to the power and frequency of the sEMG
signal [55], [173].
5.2.1 Sensors’ Positions and Number
Before collecting a database for ASL recognition based on surface sEMG, the position
and number of sensors were studied. To set the approach of this study, one main
condition was taken into account: the limitation of the sensors’ number. The number
of sensors is needed to be minimal not only to limit the cost of the acquisition circuit,
but also to limit the complexity of the classification algorithm. however, it may affect
the classification results due to lack of data. Thus, three is the maximal number
of sensors considered in this study, aiming to reduce this number if possible. The
used approach during the investigation of the sensor position and number for sEMG
acquisition is presented in Figure 5.4

Figure 5.4: Approach for sEMG sensors number and positions
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In [173], a similar experimental part has been performed to choose the sEMG sensors
locations for finger movement recognition. The sEMG signals from six forearm
muscles have been recorded by bipolar disposable Ag/AgCl electrodes with an interelectrode distance of 20 mm, which is adequate to the myoware sensor properties
[128], [129]. Figure 5.5 shows the electrodes’ placement on the six forearm muscles

(b)

(a)

Figure 5.5: Repetition of experimental process from literature [173]

used for sEMG data collection in this study. The first group of the muscles are
located on the anterior compartment of the forearm to perform flexion at the fingers,
namely flexor carpi radialis (CH1), palmaris longus (CH2) and flexor carpi ulnaris
(CH3). The second group of muscles are located on the posterior compartment of
the forearm to perform the extension at the fingers, namely extensor carpi ulnaris
(CH4), extensor digitorum (CH5) and extensor carpi radialis longus (CH6). In [173],
results have shown that the combination of channels CH2, CH3, CH4, CH5 and CH6
provided the best accuracy. However, one of the aims in this work is to reduce the
number of sensors, and as the channels are close to each other and the surface EMG
is reported to be influenced by the signals from close muscles, only channels 3 and 6
have been selected to be evaluated in the experiment as their combination shows
better accuracy than other possible two sensors combinations [173].

(a)

(b)

(c)

Figure 5.6: Sensors’ positions: (a) Sensor 1 (S1), (b) Sensor 2 (S2), (c) sensor 3 (S3)

For this first study, the same methodology as [173] was followed with some differences.
So, the same positions for two sensors named S1 and S2 (see Figure 5.6) were kept.
In addition, as the gestures are performed mainly by the fingers, a sensor named S3
has been placed on the above hand palm. The Figure 5.7 shows the 10 gestures from
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the American sign language alphabet that have been performed by 10 subjects for
this investigation.
Each subject has repeated each gesture 10 times with a resting time of 2 minutes
between each set of 10 repetitions to avoid the muscle fatigue effects. As for the
sEMG sensors, a Teensy board has been used for every 2 sensors, with its 2 ADCs
activated, to ensure a synchronized data acquisition from all sensors. In Figure 5.8
ten sEMG signals presenting one performance of each gesture from one person could
be seen. The collected signals from the myoware sensors are already filtered, rectified
and ready to be used for the feature extraction. It could be remarked from the
Figure 5.8 that various gestures have various patterns even though it is not possible
to totally differentiate them visually. It is also to mention that gestures involving
contraction of the muscle directly under the sensor 1 shows more fluctuations and
higher amplitude when the other gestures have more smooth signals with lower
amplitude.
To conduct the features extraction from the sEMG signal, several built-in and
user-defined Matlab and LabVIEW functions have been used. The majority of the extracted features detailed in Table 6.7 have been taken, such as MAV, KURT, SKEW,
IEMG, RMS, MNF, MDF, SSI, VAR and STD. Moreover, some basic features for
signal processing such as the band power (BP), which counts the average power
of a signal, the maximal absolute value (MaxAV) of the signal, the maximal peak
(MaxP), the peak-to-peak value (P2P) and root sum of square level (RSS), which
represents the second norm of the have been calculated. In addition, the Shannon
entropy (SE)is taken. It is expressed by equation 5.1 and has been proved to be a

Figure 5.7: Performed ASL signs in the restricted gesture collection (10 Gestures):
(a) The number "5",(b) the letter "S", (c) the letter "B", (d) the letter "L", (e) the
expression "I love you", (f) the number "1", (g) the number "2", (h) the letter "W", (i)
the number "4" and (j) the letter "R".
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Figure 5.8: EMG signals collected by myoware 1.

good sEMG feature for Myopathy disease recognition [22] and robotic hand control
based on sEMG signals [110]. They are extracted to evaluate their efficiency for ASL
recognition based on sEMG.

𝑆𝐸(𝐴) = −



𝐴𝑖 log2 [𝑃 (𝐴𝑖 )]

(5.1)

𝑖

After feature extraction, a normalization step is needed. The normalization algorithm
was implemented with the min-max method, where the data is linearly transformed
to values between 0 and 1. In fact, the min value of the data is set to 0 and the max
value is set to 1. The min-max normalization offers a convenient way to compare
measured values using various scales or units of measurement and it is obtained by
equation 5.2 [165], [20].
𝑀 (𝑥𝑖𝑗 ) =

𝑥𝑖𝑗 − 𝑥𝑚𝑖𝑛
𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

(5.2)

Then, all combinations of operating sensors have been tested (S1+S2+S3, S1+S2,
S2+S3, S1+S3, S1, S2 and S3). After that, the measurements have been split
into training and testing data sets with 80% of the data used to train. They have
been then exported to be processed by the KNN and SVM models with a 5 fold
cross-validation via the Matlab classification learner application. Lastly, the exported
models are tested with the remaining 20% not used data. Table 5.1 presents the
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accuracy of gesture recognition for each sensor combination. It could be remarked
that sensor S3 and sensor’s combination (S1+S2) have nearly close accuracy values.
Furtermore, we can conclude that sensor S3 is the most discriminative for the signs.
Table 5.1: Accuracy of gesture recognition with various sensor combinations.

Classifier
KNN
SVM

S1

S2

S3

95.2% 94.9% 98.5%
97.5% 97.9% 97.5%

S1+S2

S1+S3

S2+S3

S1+S2+S3

98.5%
98.5%

98.9%
98.9%

99.1%
98.6%

99.0%
97.5%

Moreover, the features have been presented by radar plots in Figures D.1, D.2, D.3,
5.9 to check the sensors’ impact on gestures sensitivity with the various features. As
expected, the sensor S3 showed better sensitivity to different gestures. Moreover,
some redundancies are noticed between the various features which confirm the need
for a feature selection stage on the ASL recognition algorithm
However, the placement of sensor 3 is reported by the subjects to be uncomfortable
during the gestures’ performance, so it was decided to eliminate that sensor. Hence,
as a result of this preliminary study, two sensors, S1 and S2, placed on the flexor
carpi ulnaris and the extensor carpi radialis longus muscles are considered enough as
sEMG sensors for the outlook system of this dissertation.
5.2.2 Data Collection and Statistical Feature Evaluation
After fixing the sEMG sensor number to 2 and their emplacement to the forearm
muscles as shown in Figures 5.6(a) and 5.6(b). A new set of 10 subjects has been
invited to perform the ASL alphabet, one expression (I love You) and the numbers
(1,2,4,6,5) with 10 repetitions from each subject. An example of the collected sEMG
signals for one measurement is presented in Figure 5.10. Once collected, the sEMG
signals have been processed to extract features, which are, after that, normalized by
the min-max method. As the graphical evaluation of all the extracted features is not
very practical, the statistical methods have been adopted.
Both RES index and DBI have been calculated considering 10 American Sign
Language letters. Only the RES index for the best features and the DBI index for the
worst features are shown in Figure 5.11, as they present a conflict for some features.
It is to be It should be noted that the higher is the value of the RES index, the more
significant is the feature for recognizing the considered gestures. However, for the DB
index, the lower is the value, the better is the gestures separability by the considered
feature. In Figure 5.11, features such as KURT and ZC are evaluated in the same way
by both methods, as KURT is the better between the 16 extracted features and VAR
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 5.9: Radar plots of some sEMG features with S1 in blue, S2 in red and S3 in
yellow: (a) SE, (b) SSI, (c) VAR, (d) MDF, (e) KURT, (f) SKEW.

is the worst for separating the tested 10 gestures. However, three features, namely:
SSI, SE and SKEW, are considered among the top 5 features by RES index and the
worst 5 by the DBI, as could be seen in Figure 5.11. This could be explained by the
redundancy in some features shown in Figure 5.9 for SKEW and KURT, for example,
as the statistical methods consider distances between the features as separability
index. Hence, this redundancy between features causes ambiguity in the evaluation
features ranking by those indexes, as could be seen for SKEW and SE, for example.
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Figure 5.10: sEMG from two sensors during one measurement

As a result, it could be affirmed from this evaluation that statistical methods for
assessing the sensitivity of features are not robust and can not be used to eliminate
features from the extracted original feature set. Thereby, a more sophisticated feature
selection method is needed.

Figure 5.11: Statistical evaluation of sEMG features

Thus, it was decided to continue the data collection with more subjects and gestures
and to consider all the features extracted here for future investigation. Hence a total
of 31 classes (the 26 alphabets and 5 numbers) with 100 observations per class were
collected for the sEMG signal from 2 sensors.
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5.3 Force Myography (FMG)
As mentioned in chapter 2, force myography is rarely used for sign language recognition, and it has been used only with raw signals. So, it has not been sufficiently
investigated in the literature. That is why it is necessary to make tests and observe
the results. So both the number of sensors and the suitable features should be
examined in this part. The used approach for this part is presented in Figure 5.12

Figure 5.12: Approach for FMG sensors number and positions and features choice

5.3.1 Investigation of the Sensors Number
The idea was to find the optimal number of sensors from the wrist sensor band since
even with 16 sensors, the study in [109] confirmed that wrist positioned band has
more sensitivity to ASL than forearm bands. With the aim to minimize the sensors’
number and thereby ensure the user comfort, two bands of 6 and 8 commercial
pressure sensors (see Figure 5.13) have been designed, realized and tested to find the
band that leads to the best accuracy for ASL gesture recognition system.
In the first band, eight sensors have been placed with a gap of 2 cm around the wrist,
while the second band has 6 sensors to wear around the wrist with a 2.25 cm gap
between every 2 sensors. In all systems, one Teensy board with synchronized 2 ADCs
has been assigned to every two sensors used as an acquisition board with a sampling
frequency of 100 Hz. The two-band system has been exploited to collect data during
the performance of signs from the American Sign Language (ASL) alphabet.
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(a) Band with eight sensors

(b) Band with six sensors

Figure 5.13: Sensor bands and acquisition systems.

Figure 5.14: Performed ASL numbers from 1 to 9 .

The first investigation aims to test the feasibility of finger signs detection by wrist
FSR bands, including a small number of sensors compared to the state of the art
where the only previous study that implemented the sign language included 16
sensors [109]. Hence, only one person has been asked to wear one of the two bands
each time and perform the nine ALS numbers from 1 to 9 shown in Figure 5.14 for
ten trials each. Gestures have been performed with a resting of two minutes between
every two gestures to avoid muscle fatigue. The collected signals are typically similar
to the signals in Figure 5.15.
The collected signal seems to have stationary behaviors for the different gestures,
so it is estimated that even though features increase the performance of algorithms
in comparison with raw data, there is no need for complicated features. Hence six
basic features, which are the min, max, RMS, VAR, STD and the mean, have been
extracted and normalized by the min-max method, and the ELM has been used to
classify the gestures. The classification accuracy has been considered here as the
evaluation criterion for the needed number of sensors for further data collection.
From the confusion matrices in Figure 5.16, it could be confirmed that for only one
subject performing the gestures, both bracelets are able to detect and allow the
classifier to correctly predict the 9 tested gestures with the small set of features
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Figure 5.15: FMG signals collected by FSR sensor 1 of the eight sensor band.

(a)

(b)

Figure 5.16: Confusion matrix of ELM for 1 person for ASL numbers from 1 to 9:
(a) 6 sensors,(b) 8 sensors

that had been extracted. The second investigation has been to evaluate the system
stability and accuracy for other signs recognition and with more subjects. In this
experiment, first with the 6-sensor bracelet and second with the 8-sensor bracelet, 10
subjects were asked to perform the 10 first letters in the ASL alphabet from A to J,
and only the same 6 features have been used to train the ELM.
Results shown in Figure 5.17 with an accuracy of 80% for 8 sensors and 69% for 6
sensors confirm that 6 sensors are not suitable enough for various gestures with several
subjects. Furthermore, the accuracy of 80% with the 8-sensor band is estimated
to be improved with more features. In addition, none of all subjects complained
about the sensor band placement, but they announced that the material used for the
actual band is not soft enough. Hence, the 8-sensor band was kept for further data
collection as a possible standalone system for sign recognition with more features
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(a)

(b)

Figure 5.17: Confusion matrix of ELM for 10 person and 10 ASL letters from A to
J:(a) 8 sensor ,(b) 6 sensors

investigation and a modification of the bracelet material is considered as an outlook
of the system design.
5.3.2 Data Collection
After fixing our FSR sensors to be 8 sensors for the ASL recognition system, more
features are extracted, which are all the features included on the state of the art for
FMG in chapter 2 and the ELM was trained again for the same signs to check the
effect of including more features on the performance of 8 sensor band (see Figure
5.18).

Figure 5.18: Confusion matrix of ELM for 10 person and 10 ASL letters from A to
J with 8 sensor band and 12 features.

The improvement of accuracy from 80% with 6 features to 86% with 12 features, found
in this investigation can confirm that the system efficiency is highly dependent on
the features and that adding more signal processing complication as long as it could
be supported by embedded systems is an efficient solution to design user-friendly
portable systems for sign recognition. However, not only more features should be
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investigated in the future for the FMG signals processing to reach an accurate standalone system with only 8 sensors and more gestures, but also the features evaluation
and the selection of the best subset are needed. As for this work, as maximal, the
twelve features are considered for the FMG signals, and as the statistical methods for
feature evaluation did not provide good performance with the sEMG signal, they were
not used for the FMG, and more sophisticated feature selection methods such as our
developed feature selection wrapper KTGELM are considered for the feature selection.
In total, for the FMG sensor band, 40 participants participated in the collection of
the 27 letters, the ASL numbers from 0 to 10 and the expression "I love you", shown
in Figure ??. Each subject participated in the collection of only 10 or 9 signs with
10 repetitions for each. In total, the collected data included 38 signs from the ASL
with 100 observations for each one.

5.4 Surface Electrical Impedance Myography (sEIM)
As the sEIM is not established for sign recognition and only some investigations
about possible features and measurement conditions for motion detection exist in
the literature. First, an investigation of the possibility of sign detection needs to be
conducted. The working approach for this section is presented in Figures 5.19

Figure 5.19: Approach for sEIM investigation for sign language recognition
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5.4.1 Investigation of Sign Detection
For this investigation, some grasping gestures were also included as actions of holding
objects without any motions, which is also not discussed in the literature. The aim of
this first investigation was also to reduce the frequency for further experiments, and
only some feature extraction and visualization were included. For this, 4-electrodebased measurement with equidistant electrodes on the forearm was performed as this
configuration was proved by the state of the art in chapter 2 to have more accurate
sEIM measurements. For the inter-electrode distance, 5 cm was used as it is the
minimal distance between voltage and current electrodes allowed by the European
Society for Clinical Nutrition and Metabolism (ESPEN) in its guidelines for the
clinical use of bio-impedance spectroscopy (BIS) [87]. The current injected during
the measurement was fixed to 0.1 mA during this measurement to ensure the subject
safety.
In a first step, to confirm the possibility of sign detection by our setup, only one
subject has been asked to perform 11 random finger movements and grasp actions,
which are included in Figure 5.20. The subject has been asked to perform 3 repetitions

(a)

(f)

(c)

(b)

(g)

(h)

(d)

(i)

(e)

(j)

(k)

Figure 5.20: Performed gesture for first sEIM investigation.

of each gesture and the features included in the state of the art in chapter 2 have
been extracted with choosing the gesture in Figure 5.20(d) as a reference to calculate
the change introduced by the gestures. The Nyquist plot for the different gestures
from one person and 1 repetition of each gesture is shown in Figure 5.21.
The features 𝛥𝑅 and 𝛥𝑋 presented in Figures 5.22(a) and 5.22(b) show a good
separation of the different performed gestures. Hence the method is confirmed, and
more subjects have been asked to participate in the data collection for ASL numbers
recognition. Moreover, from Figure 5.22(b) and Figure 5.22(a), it could be seen that
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Figure 5.21: Nyquist plot for one person performing the gestures for the first
investigation.

gestures are recognizable in the frequency interval from 1 kHz to 1 MHz, so for the
next measurement only this frequency rang is used.

5.4.2 ASL Numbers Recognition by ELM
After confirming the possibility of gesture recognition based on sEIM in the first
experiment, 10 subjects were asked to participate in the data collection of the ASL
numbers from 1 to 9 with the gesture 5.20(d) as a reference gesture used to calculate
the change based features. However, one of the major problems facing the surface
EIM-based applications is to ensure that the measurement result is reproducible.
In fact, the inter-distance electrodes have a noticeable influence on the insurance
of reproducible and accurate results, which impose a necessity to investigate this
factor. In [82], a tetra-polar system has been considered and placed on the inner side
of the right forearm, where the posterior muscle layer exists. The electrodes have
been placed in a longitudinal position regarding the muscle fibers to decrease the
effect of the subcutaneous fat layer traversed by the current. The inter-electrodes
distances 5 cm, 5.5 cm and 6 cm have been investigated in order to achieve the
highest distinguishing range between measured gestures. An equal inter-electrode
distance of 6 cm between the 4 electrodes has been proven to be an efficient choice
of inter-electrode distance to ensure a stable and high distinguish EIM-based hand
gesture recognition, so it will be used in this work with the following measurements
conditions.
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Figure 5.22: 𝛥𝑅 and 𝛥𝑅 as function of frequency for different tested gestures.

• Small Circular Ag/Agcl electrodes in tetra-polar configuration
• Current amplitude taken is 0.1 mA
• Frequency range of 1 kHz to 1 MHz
• The Agilent 4294A device
• 6 cm equal inter-electrode distance
For the signs’ recognition, the features from the state of the art previously used in
the first investigation are also extracted from the measurements collected from the
10 subjects. Moreover, the Silhouette coefficient originally suggested to analyze the
electrical impedance spectroscopy data in electronic tongues and related sensors in
[167], has been implemented in this work with the equation 5.3 where 𝑎𝑖 is calculated
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as the average of the euclidean distances between the rest position’s data point (R)
and the gesture’s 𝑖𝑡ℎ data point 𝑏𝑖 .
𝑛

𝑆=

1 ∑︁ 𝑏𝑖 − 𝑎𝑖
𝑛 𝑖 max (𝑏𝑖,𝑎𝑖)

(5.3)

The ELM was used for the ASL numbers classification resulting in an accuracy of
65.5% with the confusion matrix shown in Figure 5.23.

Figure 5.23: Confusion matrix for ELM trained with all features for ASL 9 numbers

However, the observation of the reactance as a function of frequency from the sign
number leads to the conclusion that the distinction is more visible in the frequency
range from 1 kHz to 4 kHz as it could be seen in Figure 5.24. Hence, the frequency was
restricted in that range, and the features extracted from other frequencies superior
to 4 kHz are eliminated from the data set. The ELM trained again with the new
frequency range has an accuracy of 83.7% with the confusion matrix shown in Figure
5.25.
Under the actual measurement conditions, the sEIM could be considered as a
promising method for sign recognition. However, more investigation about the
current range and the precise frequency values enabling the best accuracy for sign
detection is an open field for research in the future since this test was held with only
nine numbers from the sign language. For this work, as features were extracted on
each frequency value and our proposed classifiers are able to do feature selection
within their process, the investigation for more precise frequencies was not studied.
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Figure 5.24: Reactance as function of frequency for the ASL numbers from one
subject

Figure 5.25: Confusion matrix for ELM trained with all features for ASL 9 numbers
with frequency range from 1 kHz to 4 kHz
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CHAPTER 6
Implementation of the Random K-Tournament Grasshopper
Extreme Learner

In this chapter, the implementation of the proposed methods for ASL recognition is
evaluated in various combinations between the number of gestures and the myographic
methods. In the first section, the proposed wrapper KTGELM is evaluated for feature
selection compared to similar wrappers from the state of the art. This comparison is
based on benchmark data and the collected data sets. While, in the second section
the performance of the proposed classifier RKTGEL is evaluated for ASL recognition.

6.1 KTGELM Wrapper for Features Selection
In general, a wrapper is a model that uses a potential feature subset to perform the
selection behavior sending it to the next step as a score for the merit of the features’
subset. However, it is potentially over-fitting if all data in the training set is used
and uses the same data set for the test. In this case, it is memorizing rather than
learning. To solve the problem, cross-validation is employed. The training set is
divided into five parts, and models are created based on potential feature subsets
built on only four parts and evaluated on the fifth. The process is repeated five
times so that each part is considered once as the evaluation fold. Then, results are
averaged to give the merit of the potential feature subset.
To test the performance of the wrapper based on the binary version of the KTournament Grasshopper Optimization algorithm and the Extreme learning machine,
first, benchmark data was used. As this wrapper’s aim is to select the best feature
combination allowing the best accuracy result, it should be compared to the results
of similar algorithms. And to reduce the number of variables in the experimental
protocol, it was chosen to create ELM-based wrappers with GOA, PSO, PSOGWO
and GWO in their binary format to use them for the comparative study.
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6.1.1 Processing Details and Experimental Data Sets
The computer used to run the implementation in this work has the following properties: Intel(R) Core(TM) i7-8750H CPU 2.20GHz 2.21 GHz. All wrappers are
implemented while keeping the number of search agents to 10 and the maximal
number of iterations to 100. As experimental data for the feature selection, first, 15
data sets from the conventional benchmark for feature selection and classification
published by the Center for Machine Learning and Intelligent Systems were chosen
with various numbers of classes, number of features and application fields to confirm
the possibility of the general use of the proposed wrapper. Moreover, among the
three studied myographic measurement methods in this thesis, the surface EMG is
the noisiest with the most critical signal in terms of its analysis and features, so for
the real data, it had been chosen to implement the KTGELM on the sEMG features
selection.
6.1.1.1 Benchmark Data Sets
In this study, data-sets from the UCI Machine Learning Repository [69] are used.
The chosen data sets presented in Table 6.1 were exploited without any further
processing. Moreover, the used data sets show a diversity of fields and data sources
and both binary and multi-class problems.
Table 6.1: Benchmark data sets

Name
Wine
Zoo
Ionosphere
Lymphography
Sonar
Tic-Tac-Toe
Cardiotocography
Waveform Database Generator
Weight Lifting Exercises
Epileptic Seizure Recognition
Leaf
Parkinson’s Disease Classification
Electrical Grid Stability
Breast Cancer
Glass Identification
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Features
12
16
33
17
59
8
22
39
151
178
15
753
13
7
9

Observations
178
101
351
148
208
958
2126
5000
39242
11500
340
756
10000
287
214

Classes
3
7
2
4
2
2
10
3
5
2
40
2
2
2
6

Field
Chemical
nature
physical
medical
physical
gaming
medical
physical
sport
medical
nature
medical
physical
medical
physical
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6.1.1.2 sEMG Data Sets
Ten hand gestures from the ASL alphabet have been used to create the recognition
data set with two sensors as it could be seen in Figure 6.1. The used ASL signs to
create this data set are : "M", "N", "O", "P", "Q", "T", "U", "W", "X" and "Z", and
after feature extraction using the same 16 feature´s entities in chapter 5 for sEMG, a
total of 32 features (2 sensors and 16 feature values from each) is collected. For this
study case, randomly selected 10 features for a small data set, 20 features for the
medium data set and 32 features for large data set have been randomly chosen from
this data set to check the effect of the initial number of features on the performance
of the different wrappers. It is to mention that this data set includes a small degree
of ambiguity as among the 10 gestures, it has only one couple of probably confused
signs: "M" and "N" with one dynamic sign, which is "Z".

Figure 6.1: Ten ASL signs with ambiguity caused by similarity between "M" and "N"
and the dynamic sign "Z".

6.1.2 Performance Evaluation
In this part, the performance of the proposed wrapper for feature selection will be
evaluated compared to other wrappers based on conventional binary optimization
algorithms detailed in appendix A and ELM. The comparison will be held in terms
of CPU timing, number of selected features, wrapper accuracy and convergence per
iteration. It is also to mention that the results reported in this part are averages of
20 runs of all algorithms in one code as parallel processes with the same input.
6.1.2.1 Convergence and Computation Time
The convergence of all algorithms over iterations is studied and compared with the
proposed method. Each algorithm was processed respectively on all the data sets
from the benchmark until 100 iterations. All results show the excellence of the
KTGELM compared to the other algorithms. In fact, it precedes all of the others
in the majority of processing trials done on all the data sets and raised the best
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Figure 6.2: Convergence curves of best solution over iterations of the data sets: (a)
Leaf, (b) cardiotocography.
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Figure 6.3: Convergence curves of best solution over iterations of the data sets: (a)
zoo, (b) glass identification.

The only bad result is noticed in Figure 6.3 (b) corresponding to the glass identification
data set. For this last data set, even though the final performance of the KTGELM
was better than the others, it took 70 iterations to converge to the same accuracy
reached by the BGOA-ELM wrapper in 15 iterations. This disappointing result
amounts to the possibility of being fell to a local optimum in the first iteration due to
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the linear behavior of the exploitation and exploration balancing coefficients inherited
from the GOA. However, due to the population diversity increase in KTGELM, it
had been able to converge to better accuracy when the BGOA-ELM and the others
are trapped into local optimal solutions.

(a)

(b)

Figure 6.4: Plot of K-Tournament Grasshopper ELM for sign recognition compared
to other wrappers for 10 ASL sEMG data sets: (a) large, (b) small.

In addition, to confirm the algorithm’s fast convergence with the collected data, it
was processed by varying the size of the base (large, medium and small). The results
were presented on the Figures 6.4 and D.8 and support the conclusion made earlier.
We can infer that the K-tournament extreme learner has better ability to converge
to better accuracy compared to other conventional optimization-based wrappers.

The Table 6.2 shows a comparison of the average CPU timing for the various
Benchmark Data-sets from the UCI Repository for the 20 conducted tests. Based on
Table 6.2 and Figure 6.5, it could be reported that the time taken by K-tournament
grasshopper extreme learner is higher than other wrappers. This can be explained
by the fact that reaching better accuracy with a smaller number of iterations implies
the need for more calculation in each iteration. In addition, this can be interpreted
by the fact that it converges with a smaller resulting feature subset (see Table 6.6).
Thus, the algorithm is based especially on the optimization of the accuracy, taking
into account the minimization of the feature subset.
From the timing analysis, it could be inferred that irrespective of the size of the
data set, K-tournament grasshopper extreme learning machine has the maximum
computation time compared to conventional optimization-based wrappers. The
trade-off is between performance accuracy in fewer iterations and computational
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Figure 6.5: K-Tournament Grasshopper ELM CPU timing per iterations for feature
selection for the 10 ASL data set in comparison with other optimization-based wrappers
for sEMG data sets

Table 6.2: Comparison between the proposed KTGELM wrapper and the state of
the art of wrappers based on ELM and Binary optimization algorithms in terms of
average CPU timing per iteration(s)

TIME
Wine
Zoo
Ionosphere
Lymphography
Sonar
Tic-Tac-Toe
Cardiotocography
Waveform Database Generator
Weight Lifting Exercises
Epileptic Seizure Recognition
Leaf
Parkinson’s Disease Classification
Electrical Grid Stability
Breast Cancer
Glass Identification
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PSO GWO GOA
0.18 0.17
0.23
0.19 0.16
0.25
0.59 0.59
0.51
0.17 0.19
0.54
0.22 0.19
0.54
0.15 0.12
0.17
0.34 0.35
0.36
0.64 0.61
0.64
0.59 0.59
0.64
2.59 2.24
2.36
0.13 0.14
0.15
0.13 0.13
0.15
1.20 1.16
1.25
0.12 0.13
0.12
0.10 0.10
0.12

PSOGWO KTGELM
0.14
0.23
0.11
0.30
0.58
0.63
0.28
0.61
0.28
0.58
0.14
0.19
0.34
0.70
0,63
1.25
0.55
1.16
2.22
4.56
0.13
0.28
0.13
0,28
1.23
2.56
0.12
0.25
0.10
0.21
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time per iteration. The created optimizer performs well with a minimal number of
iterations but takes a longer time in each iteration.
6.1.2.2 Accuracy and Feature Set Cardinality
Tables 6.3 and 6.4 show a comparison of the averages of accuracy for the various
Benchmark Data-sets from the UCI Repository and the sEMG data sets. Upon
20 repetitions, it could be seen that K-tournament grasshopper extreme learner
outperforms the other conventional optimization-based wrappers in terms of accuracy
of the selected feature subset. It is to mention that the difference in accuracy means
a difference in the selected features and their number.
Table 6.3: Comparison between the proposed KTGELM wrapper and the state-of-theart wrappers based on ELM and Binary optimization algorithms in terms of average
accuracy results ( %) for benchmark data sets

DATASET
Wine
Zoo
Ionosphere
Lymphography
Sonar
Tic-Tac-Toe
Cardiotocography 84.05
Waveform Database Generator
Weight Lifting Exercises
Epileptic Seizure Recognition
Leaf
Parkinson’s Disease Classification
Electrical Grid Stability
Breast Cancer
Glass Identification

PSO
82.50
100.00
92.00
84.00
93.00
89.50
83.05
88.60
99.37
90.67
95.58
89.65
97.80
89.42
80.00

GWO
82.50
100.00
96.00
80.00
90.25
90.91
83.44
89.42
99.40
90.60
94.11
91.66
97.75
89.42
82.00

GOA
82.50
100.00
92.00
84.00
87.50
90.91
84.15
90.23
99.20
90.50
94.11
89.95
97.75
89.96
82.00

PSOGWO
86.00
100.00
94.00
84.00
93.00
90.91
83.44
88.63
99.44
89.65
94.75
93.75
97.70
88.02
83.00

KTGELM
88.57
100.00
98.00
90.00
95.12
92.42
84.39
91.63
99.64
90,80
97.50
95.80
97.90
90.75
84.00

Table 6.4: Comparison between the proposed KTGELM wrapper and the state-ofthe-art wrappers based on ELM and Binary optimization algorithms in the accuracy
average for sEMG in %
Data set
Large
Medium
small

PSO

GWO

GOA

PSOGWO

KTGELM

100
100
99,65

100
100
99,73

100
100
99,80

100
100
99,70

100
100
99,87

111

Chapter 6 Implementation of the Random K-Tournament Grasshopper Extreme Learner

Table 6.6 presents the average number of selected features by the various tested
wrappers for the benchmark data sets, and Table 6.5 presents the lowest number
of selected features providing the highest accuracy of each algorithm implemented
with the created three sEMG data sets. Hence, the algorithm is based mainly on
Table 6.5: Comparison between the proposed KTGELM wrapper and the state-ofthe-art wrappers based on ELM and Binary optimization algorithms in the best results
of selected features’ number for sEMG
Name
Large
Medium
small

Initial

PSO

GWO

GOA

PSOGWO

KTGELM

32
20
10

22
8
7

19
12
7

20
11
5

22
12
9

17
9
6

Table 6.6: Comparison between the proposed KTGELM wrapper and the state-ofthe-art wrappers based on ELM and Binary optimization algorithms in the average of
selected features’ number in the 20 runs
Name
Wine
Zoo
Ionosphere
Lymphography
Sonar
Tic-Tac-Toe
Cardiotocography
Waveform Database Generator
Weight Lifting Exercises
Epileptic Seizure Recognition
Leaf
Parkinson’s Classification
Electrical Grid Stability
Breast cancer
Glass identification

Initial

PSO

GWO

GOA

PSOGWO

KTGELM

13
16
32
18
60
8
21
21
40
178
14
44
13
8
9

7
9
17
9
30
6
10
11
20
89
7
21
8
5
5

7
10
20
12
40
7
13
15
27
117
9
28
9
5
6

7
10
20
12
38
5
14
14
25
118
9
28
8
6
6

10
11
22
12
52
6
15
14
25
128
10
34
13
7
7

7
9
19
11
38
4
13
13
24
116
8
27
8
5
5

optimizing the accuracy with a minimal size of the feature subset. The number of
features cannot be a separate metric, but it is always related to the accuracy since
a smaller feature subset with worst accuracy or the same number of features with
worst accuracy are explained by the trapping into a local optimum of features.
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From all the results in this section, it could be concluded that the KTGELM has a
better performance in terms of selecting the minimal feature data set that allows
the best wrapper accuracy without trapping into local optima. While the BGOAELM wrapper, which selected a smaller number of features for the small data set
of sEMG, for example, also resulted in smaller wrapper accuracy. The BPSO-ELM
is also showing smaller feature subsets in many cases but always converge to less
accuracy, so the feature subset selected by the BPSO-ELM have less potential for
the classification.

6.2 Random K-Tournament Grasshopper Extreme Learner (RKTGEL)
First, to minimize the calculation complexity, the tournament size is chosen to be 2,
the number of search agents is limited to 10 and the maximal iterations number to
50 for all the algorithms used in this section. With those conditions, the number of
needed hidden nodes of the RKTGEL is evaluated in Table 6.7, where the biggest
FMG database in terms of observations with 38 gestures, 10 persons each performs
10 repetitions of each gesture, 8 sensors and 12 features is used. It is to mention that
the used database includes all types of ambiguities resulted from the similarities in
gestures as explained in chapter 5 and 3 dynamic signs. Moreover, the used features
are not the only possible features for FMG signals, and it is an open field for future
work to try to adapt features from other fields and signal to FMG pre-processing.
An evaluation of the proposed algorithm for ASL recognition with regards to the
Table 6.7: Accuracy average variation with hidden nodes number

Number of hidden nodes 100
testing accuracy
38.78

200
48.78

300
50.03

400
53.65

500
48.51

600
47.70

state of the art conducted before testing it with various collected data sets with
different ambiguity levels will be presented in the rest of this chapter. To test
the sign language recognition ability of this proposed algorithm, different scenarios
are tested, including chosen databases with low ambiguity level (see Figure 6.8),
medium ambiguity level (see Figure 6.14) and high ambiguity level (see Figure 6.22)
and combinations between myographic data sets to investigate the effect of such
combination on the recognition of the highly ambiguous database.
The basic ELM has been trained with 3000 hidden nodes and the features selected
by the KTGELM. While the KTGEL is trained with 1000 hidden nodes, and the
RKTGEL is trained with 400 hidden nodes using the data base directly without
feature selection. As for the evaluation, with the accuracy, both the micro precision
and the micro recall used conventionally for multi-classification evaluation where
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𝑇 𝑃 𝑗 , 𝐹 𝑃 𝑗 , 𝐹 𝑁 𝑗 are respectively the numbers of True Positives, False Positives, and
False Negatives of a class j [41] to show the classifier overall precision and sensitivity.
∑︀𝑚
𝑗=1 TP𝑗
,
micro-𝑃 = ∑︀𝑚
TP
𝑗 + FP𝑗
𝑗=1

∑︀𝑚
𝑗=1 TP𝑗
micro-𝑅 = ∑︀𝑚
,
TP
𝑗 + FN𝑗
𝑗=1

(6.1)

6.2.1 Evaluation in Comparison with the State of the Art
In the Table 6.8, the only two studies with a possibility of comparison in the state
of the art are presented. To conduct those comparisons, fragments of the collected
data sets for sEMG and FMG were isolated with approximately similar properties
as described in the two papers used for this evaluation. It is to mention that for
[198], only one subject with previous knowledge of ASL was reported to perform all
the collected sEMG from 8 channels placed on the forearm. While in our collection,
only 2 sEMG channels were also placed on the forearm of all subjects who do not
have previous knowledge in ASL, and each subject only participated in the collection
of 10 or 6 signs. In addition, to collect the sEMG in this work, two commercial
Myoware sensors, which is a muscle sensor for micro-controller applications produced
by Advancer Technologies with a teensy acquisition board, are used. As for [198],
the 8 sEMG channels were collected with Bio Radio 150 CleveMed device, which is a
laboratory equipment for scientific research produced by Cleveland Medical Devices
for physiological signal recording and pre-processing. Moreover, in [106] the FMG
signals are collected with eight self-produced sEMG-FMG co-located sensors and in
this work eight commercial FSR sensors are used.
Table 6.8: Performance of the proposed classifiers Vs the state of the art of ASL
recognition by sEMG and FMG
Number of
Hand Signs

Sensor
Signals

RKTGEL
(400 HN)
in %

Classifier
in SOA

Accuracy
in %

Observations

[106] 10
ASL numbers
10
ASL numbers

8 FMG
Own sensors
8 FMG
FSR

-

LDA

80.00

50

99,00

-

-

5
50
5

[198] 26
ASL Letters
26
ASL letters
26
ASL letters

8 sEMG
Medical device
2 sEMG
Commercial
2 sEMG
Commercial

-

SVM
One Vs All

90

80

81.98

-

-

73.08

-

-
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1
80
6
80
24
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For FMG, the comparison with [106] showed that the proposed FMG bracelet with
emplacement in the wrist and commercial sensors could provide better accuracy of
ASL number classification.

Figure 6.6: ASL numbers detected with eight FMG sensors and classified by RKTGEL

The numbers data set from 0 to 9 used in this evaluation is more distinguishable
from the wrist as it includes the numbers "7" and "8" as the most critical couple to
differentiate. The last two signs share postures including the contraction of the same
muscle as shown in the palmer view of the forearm muscles in Figure 2.2. However,
at the level of the wrist, the complex muscle-tendons is detectable by the FMG
sensors and the two signs "8 and "7" have different responsible tendons. As shown
in Figure 6.6 the confusion between the signs "7" and "8" is totally removed, but a
small confusion of the sign "8" with the sign "6" is observed. This could be due to the
participation of the thump flexion in both signs, but it is estimated to be removable
with more signal processing.
In [198], only one subject collected 80 observations for each sign from the 26 ASL
letters. While, to have 80 observations by ASL letter in the collected data set in this
work, data from 24 subjects should be combined as only 10 observations are collected
from each subject: 16 subjects each performed 10 signs, and another 8 subjects each
performed 6 signs. Hence, the complexity factor produced by the bigger number of
subjects in the data collected for this work is huge, and the total accuracy of only
73.08 % could be explained. To reduce this difference, the data of only 6 subjects
was used: 4, each performed 10 signs, and 2, each performed 6 signs. As each person
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performed 10 repetitions, from those 6 subjects, 20 observations of each from the 26
ASL letters are isolated in one database. To create the 80 observations out of this
database, each observation was divided into 4 equal time windows with an overlap of
25 % before the feature extraction. The reduction of involved subjects number on
the used data set from 24 to 6 improved the total accuracy from 73.08 % to 81.98 %,
thereby the influence of the subjects’ number on the classification accuracy could be
confirmed as inverse proportional.

Figure 6.7: ASL letters detected with two sEMG sensors and classified by RKTGEL

The confusion matrix of the RKTGEL is shown in Figure 6.7, where it could be
seen that the sign "Z" has a low recognition confirming the results found by [198].
Taking into consideration the bigger complexity in the collected data in this work
and the lower number of sensors and the hardware properties differences between to
this work and [198], the dropping of the accuracy in this work could be explained
and accepted. Moreover, the proposed classifiers inherit from the ELM its ability
to perform multi-classification tasks in one step while in [198] the SVM one Vs. all
was implemented, which includes more calculation complexity for multi-classification
problems as proved in [48] and [97].

6.2.2 Recognition of Signs with Small Similarity
The data set of 10 signs shown in Figure 6.8 presents only one ambiguous couple of
signs: "B" and "4". Hence, the collected data are already supposed to show aspects
of confusion between the two signs shown in the confusion matrices in this part of
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the report as classes 9 and 10, and a maximal misclassification rate of 20 % could be
acceptable with this condition. For this case, only sEMG and FMG data sets were
used as the sEIM collected data set only included the ASL numbers as it is the first
investigation of this method for sign language recognition, and more investigations
are needed to fix the final conditions for a large data set collection including the
design of embedded measurement systems for sEIM to facilitate the data collection
by various subjects in parallel.
6.2.2.1 sEMG
For the ELM trained by the features selected with our proposed wrapper, the
confusion matrix in Figure ?? shows that the selected features are enabling the
ELM to correctly identify the sign "4", but 5 % of the 100 observations of the sign
"B" are misclassified as sign "4". Moreover, another confusion has resulted between
the sign "2" and the sign "R". This could be explained by the fact that the 2
concerned signs are performed using the same 2 fingers with a difference only on the
position of the index regarding the middle finger. Finally, with the same database,
the RKTGEL was trained with 400 hidden nodes and performed similarly to both
previous algorithms (see Figure 6.10). However, the RKTGEL not only showed
less computation complexity as his architecture is smaller but also performed the
classification with a training time of 0.005 s per optimizer iteration in comparison
with the 0.033 s per optimizer iteration for KTGEL, which makes it more suitable
to be customized for embedded systems with adaptive online learning needs.

Figure 6.8: Ten ASL signs with small ambiguity between the number "4" and the
letter "B".
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(a)

(b)

Figure 6.9: Ten ASL alphabet detected with sEMG and classified by : (a) ELM after
feature selection by KTGELM, (b) KTGEL

Figure 6.10: Ten ASL alphabets detected with sEMG by RKTGEL

6.2.2.2 FMG
The collected FMG data set from 10 subjects with the 8-FSR-sensor band for the
same set of signs showed weaker ability to distinguish the tested signs and had more
confusions between classes as it could be seen in Figures 6.11 and 6.12. Implemented
with 3000 hidden nodes after feature selection by the KTGELM, the ELM had both
micro average precision and micro average sensitivity of 97 %. The KTGEL with
only 1000 hidden nodes had succeeded in reaching the same total sensitivity with a
reduced total precision by only 1 %. For FMG, the proposed RKTGEL classifier
showed the best total precision and sensitivity among the three compared classifiers
with both micro-p and micro-r equal to 98 %. However, the confusion matrix shows
confusions between non-expected signs such as 5 % of the 100 observations of sign
"2" are predicted as sign "7" (see Figure 6.11). This could be explained by the
unavailability of enough features for the classifier to correctly decide about all signs
in the case of FMG since only 12 features are extracted from each sensor signal.
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(a)

(b)

Figure 6.11: Ten ASL alphabets detected with FMG and classified by : (a) ELM
after feature selection by KTGELM, (b) KTGEL

Figure 6.12: Ten ASL alphabets detected with FMG and classified by RKTGEL

6.2.2.3 Combination of FMG and sEMG
The combination between sEMG and FMG for hand gesture recognition, in general,
was discussed in [225] as a way to improve the accuracy of the-FMG based-data
glove in detecting the whole hand movements by adding an 8-channel-sEMG band
in parallel with the glove. In addition, [106] showed that the data collected by the
proposed co-located sEMG-FMG sensor in that work could result in better accuracy
of signs recognition that isolated data from sEMG or FMG sensor parts. In the case
of this small data set with a low ambiguity level, the combination of collected sEMG
and FMG data leads to 100 % total accuracy with micro-p and micro-r with all
classifiers shown in Figure 6.13. So the combination between sEMG and FMG could
eliminate not only the ambiguity originated by the nature of the signs but also the
noise produced by the multiple subjects’ physiological properties and their previous
ignorance of ASL before this data collection.
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(a)

(b)

(c)

Figure 6.13: Ten ASL alphabets detected with FMG and classified by: (a) ELM
after KTGELM, (b) KTGEL, (c) RKTGEL

6.2.3 Recognition of Signs with Medium Similarity
The numbers from "1" to "9" present a collection of signs with a medium level of
similarity between gestures as the four last signs from "6" to "9" show a similar process
of performance consisting of a likewise pinch action with changing the involved finger
with the thump from the pinkie to the index.

Figure 6.14: 9-ASL-Number data-set with a medium similarity between "6" and "9"
and between "7" and "8".

6.2.3.1 FMG
The FMG data used here is collected from 10 subjects, each performed 10 repetitions
for each sign. Hence 100 observations of each class are used to train and test the
different classifiers. After the feature extraction with the KTGELM, the ELM was
able to recognize the 9 ASL numbers with total precision and sensitivity of 98 % with
all the misclassified observations belonging to the signs with expected confusions as
shown in Figure 6.15(a). However, for the KTGEL, other confusions have resulted
such as 11.8 % of the sign "2" are predicted as sign "4" as illustrated in Figure 6.15(b).
Those extra confusions indicate trapping into a local optimum of features and weights
couple during the weight selection process of the KTGEL. This could be explained
by the inherited linear behavior of the exploration-exploitation balancing coefficient
from the GOA.
With the same last database, the RKTGEL implemented with 400 hidden nodes
was able to skip the local optimum where the KTGEL was trapped due to the non-
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(a)

(b)

Figure 6.15: Nine ASL numbers detected with FMG and classified by : (a) ELM
after feature selection by KTGELM, (b) KTGEL

Figure 6.16: Nine ASL alphabets detected with a band of eight sensors by RKTGEL

linearity of the exploration-exploitation coefficients introduced by their randomization.
Moreover, the RKTGEL can have the same micro-p and micro-r shown by the ELM
of 3000 hidden nodes and shows only the expected confusions as shown in Figure
6.16.
6.2.3.2 sEIM
For sEIM as discussed in chapter 5, the frequency range between 1 kHz and 1 MHz
had a low representation of the ASL numbers with only 59 % accuracy of ELM
implemented with 3000 hidden nodes without feature selection. This classification’s
total accuracy had reached 80 % for the frequency range 1 kHz to 4 kHz with the
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ELM same implementation conditions. To test the ability of the proposed feature
selection and classification algorithm in this dissertation, both frequency ranges will
be used in this investigation.

(a)

(b)

Figure 6.17: Nine ASL numbers detected with sEIM classified by ELM after feature
selection by KTGELM in frequency range: (a) from 1 kHz to 1 MHz, (b) from 1 kHz
to 4 kHz

In Figure 6.17(a), with only the addition of the feature selection by the proposed
KTGELM, the classification accuracy of the nine ASL numbers in the frequency
range from 1 kHz to 1 MHz reached the 80 % with a micro-p of 85 % and sensitivity
of 79 %. As for the frequency range between 1 kHz and 4 kHz with the confusion
matrix in Figure 6.17(b), the total classification accuracy reached 97.76 % with a
micro averaged precision of 95 % and a micro averaged sensitivity of 99 %.

(a)

(b)

Figure 6.18: Nine ASL numbers detected with sEIM classified by KTGEL in frequency
range: (a) from 1 kHz to 1 MHz, (b) from 1 kHz to 4 kHz

In comparison with the ELM alone, the KTGEL in Figure 6.18 performed better in
both frequency ranges. However, compared with the ELM after feature selection by
the KTGELM in the case of the large frequency interval, the performance improved
in terms of sensitivity to 84 % and kept the same precision. However, in the case of
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the small frequency interval, the performance reduced with a precision drop of 1 %
and sensitivity decrease to 97 %.

(a)

(b)

Figure 6.19: Nine ASL numbers detected with sEIM classified by RKTGEL in
frequency range: (a) from 1 kHz to 1 MHz, (b) from 1 kHz to 4 kHz

The same case is also remarked in the performance of the RKTGEL classifier in
Figure 6.19. However, the confusion matrices show many low misclassification rates
between the various classes. This could be explained by the high sensitivity of the
sEIM to even small shaking in the subject’s hand or change of the subject’s body pose,
especially in the big range of frequency where also the physiologic characteristics
of the subjects are detected as additional noise to the measurement. Hence, more
investigations on the measurement conditions of the sEIM should be conducted to
have a subject-based calibration process. For the range of frequency between 1 kHz
and 4 kHz, the RKTGEL reached total precision and sensitivity of 97 % for the ASL
number classification with the most significant confusion is remarked as 12.5 % of
the observations in class "3" are predicted as class "6".

6.2.3.3 Combination of FMG and sEIM
The combination between FMG and sEIM is investigated here in both sEIM frequency
intervals. In Figure 6.20, the combination between FMG and sEIM from the largest
frequency interval evaluated with the three classifiers with the best performance has
resulted from the ELM with 3000 hidden nodes after feature selection by KTGELM.
This could be estimated as the result of the significant number of features in this
data set as features are extracted for each frequency point among the 801 points
collected in this interval. Hence the reduced network architecture in both KTGEL
and RKTGEL is not sufficient to treat this data set. The combination between
FMG and sEIM in the frequency interval between 1 kHz and 4 kHz resulted in
total recognition of all the signs by both ELM after KTGELM feature selection and
KTGEL, as could be seen in Figure 6.21.
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(a)

(b)

(c)

Figure 6.20: Nine ASL numbers detected with eight FSR sensors combined with
sEIM in frequency range from 1 kHz to 1 MHz and classified by : (a) ELM after
KTGELM, (b) KTGEL, (c) RKTGEL

(a)

(b)

(c)

Figure 6.21: Nine ASL numbers detected with eight FSR sensors combined with
sEIM in frequency range from 1 kHz to 4 kHz and classified by : (a) ELM after
KTGELM, (b) KTGEL, (c) RKTGEL

However, RKTGEL showed a misclassification of 11.8 % of sign "4" as sign "6" and 6.3
% of the observations of sign "6" as sign "7". The RKTGEL showed a micro averaged
precision of 98 % and a micro averaged sensitivity of 100 %. So the combination
between FMG and sEIM could improve the classifier performance. Hence, a combined
system including both myographic methods could present an efficient recognition
system even with a medium level of ambiguity. Such a system could be regarded as
a possible investigation field in the future.
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6.2.4 Recognition of Signs with Big Similarity

Figure 6.22: 20-ASL-alphabet data-set with expected high ambiguity, namely between
"B" and "4", "M" and "N", "U" and "2", "6" and "W", "S" and "T" and a dynamic sign
"Z"

The used data set in this part includes the 20 ASL alphabets shown in Figure 6.22
with 10 of the signs show a big similarity, namely between "B" and "4", "M" and
"N", "U" and "2", "6" and "W", "S" and "T" and a dynamic sign "Z" so the expected
accuracy could be as low as 50 % for this data set. For this set of Gestures the
sEMG and FMG signals are used separately and combined with the result discussion
included in the following paragraphs.
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6.2.4.1 sEMG
First, sEMG signals are collected from 20 subjects, where each subject performed
only 10 signs with 10 repetitions of each. Thereby 100 observations of each sign are
used in this implementation.

Figure 6.23: Twenty ASL alphabets detected with sEMG by ELM after feature
selection by KTGELM

Figure 6.24: Twenty ASL alphabets detected with sEMG by KTGEL
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In Figure 6.23, it could be seen that the dynamic sign "Z" symbolized as class 20
could not be recognized by the ELM even after the KTGELM feature selection and
confused with other signs that include the thump flexion. The ELM after KTGELM
has a precision of 79 % and a sensitivity of 73 %. With the same database before
feature selection, the KTGEL is trained with 1000 hidden nodes. The confusion
matrix for the KTGEL shown in Figure 6.24 shows a precision reduced to 79 % with
keeping the same overall sensitivity. This could be explained by the possibility of
trapping into a local optimum of features and weights subset. This problem is solved
in RKTGEL shown in Figure 6.25.
Even though the RKTGEL was trained with 400 hidden nodes, it showed the best
performance among the three tested classifiers; its micro averaged precision is limited
to 81 % with a sensitivity of 86 %. Signs as "Z" and "N" are better identified but
they are causing many disturbances on the total performance of the classifier as each
of them showed at least 5 other signs mispredicted as one of them. In addition, signs
"T" and "Q" showed a high rate of misclassification, with 85 % of their observations
predicted as other signs.

Figure 6.25: Twenty ASL alphabets detected with sEMG by RKTGEL

6.2.4.2 FMG
The same sign set collected by new 20 subjects while wearing the eight-sensor band,
and 100 observations of each sign are collected as FMG data. The data collected by
the FMG sensor at the wrist level present not only information about the muscle
contraction but also about the tendon state. As the sensors are distributed around
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the wrist, the FMG band is able to cover all the superficial muscles. Hence more
confusions between signs are remarked due to the force transmission through the
muscle fibers during the contraction and the influence of the deep muscle on the
superficial ones. Therefore, it is possible for different signs to have the same FMG
response in the level of one or more sensors in case of signs sharing an initial hand
shape or the same performing fingers.
For ELM after KTGELM feature selection shown in Figure 6.26, it could be seen that
the signs "T" and "S" symbolized as classes 15 and 11 present a source of confusion
for the rest of the signs as not only the majority of their own observations are misclassified, but also many other classes are mispredicted as signs "T" and "S". Based on
the FMG data set, the ELM after feature selection by KTGELM presented a classification micro averaged precision of 78 % with a sensitivity of 80 % among the 20 signs.

Figure 6.26: Twenty ASL alphabets detected with a band of eight sensors by ELM

Using the same database, the KTGEL was trained with 1000 hidden nodes and the
original data without feature selection presents the confusion matrix in Figure 6.27
where similar results to the ELM with feature selection could be seen with micro-p
of 77 % and micro-r of 80 % and a thrice smaller model size.
The RKTGEL trained with 400 hidden nodes was able to recognize the 20 ASL signs
in this ambiguous data set with a total precision of 84 % and a total sensitivity of
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85 %. However, the sign "M" was totally misclassified in this case, and the sign "Q"
is still poorly recognizable as it could be seen in Figure 6.28.

Figure 6.27: Twenty ASL alphabets detected with a band of eight sensors by KTGEL

Figure 6.28: Twenty ASL alphabets detected with a band of eight sensors by
RKTGEL
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6.2.4.3 Combination of sEMG and FMG
For this set of 20 ambiguous signs with additional complexity resulted from the
number of subjects involved in each data set collection for both sEMG and FMG,
both methods showed promising results with regards to the state of the art. Since
the SoA includes only studies with limited ambiguity and low complexity such as
one subject to collect all the data and sign sets including only numbers or only
letters. In this part, the combination between the two data sets is implemented
to test the behavior of the different classifiers with a large ambiguous data set
where another degree of complexity is added by the fact that the same signs are
not collected from the same subjects in both methods. For the combined data set,
the ELM after feature selection by KTGELM showed an improvement in recognition of all the signs almost in comparison with each method alone, as it could be
seen in Figure 6.29. In this case, the precision reached 87 % and the sensitivity 89
% for the overall classification. However, the sign "Q" was almost totally misclassified.

Figure 6.29: Twenty ASL alphabets detected with a band of eight FSR sensors and
two sEMG sensors by ELM

The KTGEL implemented on the combined data set showed a similar performance
to the ELM after wrapper-based feature selection with the same overall precision, an
overall sensitivity reduced by 1 % and a lower calculation complexity shown by the
smaller hidden nodes number (see Figure 6.30).
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Figure 6.30: Twenty ASL alphabets detected with a band of eight FSR sensors and
two sEMG sensors by KTGEL

As for the RKTGEL implementation, the confusion matrix in Figure 6.31 shows that
all the signs are correctly detected in at least 25 % of their observations, including
the sign "Q", which was not detected by the previous algorithms. This could be
explained by the ability of the RKTGEL to select a better feature subset.

Figure 6.31: Twenty ASL alphabets detected with a band of eight FSR sensors and
two sEMG sensors by RKTGEL
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The combination between sEMG and FMG over-performed both methods as a
standalone sign recognition resource. However, due to the high complexity level of
the chosen data set, the total accuracy of its classification did not pass the 81.50 %
in the best case, as could be seen in the overview presented in Table 6.10.
6.2.4.4 Targeted Reduction of Ambiguity
Hand sign recognition is crucial not only in the communication between healthy
and deaf people but also between healthy people in the industrial environment, for
example, and in the interaction between humans and machines under the Internet
of Things requirements. Therefore, it is not really needed in all cases to recognize
all signs in the ASL alphabet. However, it is important to recognize the signs that
could be eliminated to ensure better accuracy of the whole system. Starting from
the combination between FMG and sEMG for the classification of 20 ASL alphabets
with high ambiguity level, the various tests presented in Table 6.9 are conducted to
identify the signs to remove for a better classification performance by the RKTGEL.
Table 6.9: Overview of the performance of RKTGEL algorithm with various targeted
reduction of ambiguity
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Eliminated
Hand Signs

Total
Accuracy
in %

Z
N
Q
2
U
M
T
P
O
P+Q
P+Z
P+Z+Q
P+Z+Q+M
P+Z+Q+U
P+Z+Q+U+M
P+Z+Q+U+M+T
P+Z+Q+U+M+T+O

86.05
82.89
86.84
83.16
85.00
85.53
84.21
87.37
83.95
87.78
90.00
92.65
94.06
93.44
95.67
96.43
97.31

Micro
Averaged
Precision
in %
92
90
92
89
91
91
90
92
90
96
96
96
97
97
98
97
98

Micro
Averaged
Recall
in %
94
91
95
93
93
93
92.75
94
92
94
94
96
97
96
97
99
99
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To perform this targeted reduction, first, the 9 classes showing the highest confusions
in Figure 6.31 are tested by eliminating only one of them each time and evaluating
the classification performance on the resting 19 signs. Combinations between the
most influencing signs are removed later until an accuracy of 97.31 % is reached
by removing 7 signs from the data set as shown in Table 6.9. From this targeted
reduction of ambiguity, it could be confirmed that even with signals collected from
various subjects with various physiological characteristics and with no previous
knowledge of ASL performance, it is possible to reach a good performance of sign
recognition with a well-chosen collection of signs by avoiding dynamic signs as "Z" or
signs including the wrist flexion such as "P" and "Q".
6.2.5 General Overview
Table 6.10 presents an overview of the proposed algorithm’s performance for the
different tested combinations for ASL recognition. Evaluating the overall classification
accuracy, it could be seen that the ELM after KTGELM and the KTGEL have the
same performance in most of the cases with the second is less complicated as it has
only 1000 hidden nodes and can do the feature selection and the classification in the
same process. Moreover, the RKTGEL with only 400 hidden nodes is able to perform
similarly in the same cases and even over-perform the previous two classifiers in
other cases. This could be explained by the non-linear balance between exploitation
Table 6.10: Overview of the performance the proposed RKTGEL algorithms
Number of
Hand Signs

Sensor
Signals

RKTGEL
(400 HN)
in %

KTGEL
(1000 HN)
in %

10
10
10
9
9
9
9
9
9
20
20
20

2 sEMG
8 FSR
8 FSR+ 2 sEMG
8 FSR
sEIM (1 kHz-1 MHz)
sEIM (1 kHz-1 MHz)+ 8FSR
8 FSR
sEIM (1 kHz-4 kHz)
sEIM (1 kHz-4 kHz)+8 FSR
2 sEMG
8 FSR
8 FSR+ 2 sEMG

98.50
95.50
100
94.48
55.40
61.38
94.48
94.48
97.93
71.00
71.50
74.50

98.50
94.00
100
91.82
73.07
75.17
91.82
91.96
100
60.00
78.50
81.50

ELM
(3000 HN)
+KTGELM
in %
99,00
95.00
100
95.86
80.00
81,9
95.86
97.76
100
59.75
70.44
77.25

133

Chapter 6 Implementation of the Random K-Tournament Grasshopper Extreme Learner

and exploration in the weights and features selection parts of this classifier. Thereby,
the RKTGEL is able to converge to a better feature and weights than the one
resulted by the KTGEL or the KTGELM. Regarding the sign recognition, Table
6.10 confirms that the combination between two myographic methods could lead
to a better classification performance in general and even to 100 % of classification
accuracy in case of small data sets in terms of number of classes or number of
ambiguous signs. However, for complex cases with many similarities in one data set,
the accuracy is always limited by the distinguishing level of the difference between
the signs. Hence, the choice of the signs to include in one data set is critical for the
expected classification performances.
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Gesture recognition by surface myography is gaining importance lately as it offers
possibilities for realizing embedded and wearable systems and they are less vulnerable as video based techniques to noisy backgrounds and complex circumstances of
working environments. Depending on the type of the hand sign, a dedicated signal
processing is necessary and may be complex depending on the strength and the
quality of the collected myography signals. Especially in the hand signs recognition,
less muscle contraction strengths are registered and this involves therefore more
challenges as in the detection of other hand hand signs realizing more signal changes,
such as grasping or upper arm activities. Hand sign recognition can be carried
out by several myographic methods based on physiological changes due to muscles
contractions, such as surface electromyography (sEMG), force myography (FMG) and
surface electrical impedance myography (sEIM). The sEMG, FMG and sEIM have
relative less signal processing requirements as other methods, such as sonomyography
and mechanomyography and use available commercial sensors and instruments and
can easily integrated in embedded systems. Surface electromyography is the most
developed technique for gesture recognition, nevertheless, only a few studies have
been conducted up to now for hand sign recognition. Especially for FMG there
is only one study for hand sign recognition by Jiang et al. [109] until now, which
proposed a raw-signal-based implementation, without feature selection, with a big
number of 16 sensors placed around the forearm and wrist. The sEIM is the most
recently introduced myographic technique in the field of hand sign recognition, where
only a few feasibility studies have been carried out showing promising results, but
not showing a sufficient maturity level.
In this work, the focus is on hand signs recognition of the American sign language
(ASL), based on sEMG, FMG and sEIM with the aim to explore these the methods
and to investigate their feasibility and the possibility of distinguishing hand signs in
spite of the relative small changes of the corresponding physiological signals and in
case of ambiguities by involving similar hand signs. Thereby, several questions have
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been addressed including investigation of the optimal number of sensors and their
positioning, the collection of a database of ASL hand signs from a representative
number of healthy participants and identifying suitable signal processing methods
including signal pre-processing, feature extraction and evaluation, feature selection
and classification. The aim thereby is to realize a reliable and robust hand sign
recognition with a minimal number of sensors and to determine a suitable measurement procedure for every method by defining the number of necessary sensors, their
position and the corresponding signal processing method. Because the classification
results are strongly dependent on the interlocked interaction between data base
quality, measurement procedure and signal processing, an suitable measurement
procedure has to be defined for every method before comparing them. Therefore, for
every method, first suitable measurement conditions need to be defined and than an
adequate database is necessary to study the suitability of classification algorithms.
The focus is thereby on adequate algorithms for a perspective realization in an
embedded, compact and wearable sign language translation system. American Sign
Language has been chosen as basis for the study as a scenario to investigate the
feasibility under challenging conditions. Commercial sensors and instruments have
been chosen, which are the Myoware sensor for sEMG, FSR sensors for FMG and an
Impedance Analyzer for sEIM.

In the first stage of the investigations the focus is on defining the suitable number
and placement of sensors. The aim, is at this stage, only to minimize the number of
sensors and not necessarily the improvement of accuracy, which is treated separatly.
For this reason, only standard classification methods have been used, such as KNN,
SVM and ELM and no special feature extraction has been carried out. This is why,
at this stage the focus is more on the comparison of results than on perfect classification results. In a second stage, we investigate possibilities to improve classification
accuracy by self-developed efficient signal processing methods. The performance of
the methods is evaluated by different sets of hand signs of 9, 10, 13, 20 and 26 hand
signs. The set of hand signs is defined, so that it includes some hand signs having
strong similarities to test the ability of the signal processing methods to distinguish
them. The investigations of sEMG based methods have shown, that the quality of the
sEMG signals collected from the forearm are more suitable for hand sign recognition
than the signals collected from the wrist. In addition, the hand signs corresponding
to the ASL alphabet are mainly performed by fingers, so that the upper palm is
advantageous. Based on these observations, the sensor positions on the upper palm
and forearm are preferred. State of the art investigations have shown, that four
sensors are necessary for detecting 10 or less hand signs, and 8 sensors are necessary
for detecting 20 or more up to 27 hand signs. Following the aim to minimize the
sensor number, possibility of using three or less sensors have been investigated to
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detect a subset of 10 ASL hand signs based on a the data collected from 10 healthy
persons. 7 different combinations of sensor numbers and placements in forearm and
upper palm were thereby evaluated by KNN and SVM based classification. The
results show that 2 sensors on the forearm are sufficient to classify the tested hand
signs with a total accuracy of 98.5% with a set with a low level of ambiguity by the
hand signs: "B" and "4".

Up to now, existing solutions based on FMG have shown, that the sensor placement
at the wrist is suitable. Using of a wrist sensor band with 16 FSR allowing thereby
the detection of 16 ASL hand signs from raw measurement signals. In this work
and seeking for solutions based on less sensors, first bands including 6 and 8 sensors
placed on wrist of one person have been investigated to test the recognition of the
ASL numbers from 1 to 9. The evaluation based on six features and ELM show that
all the two bands could be used and reach an accuracy of more than 80%. Further
investigations carried out on a data base collected for the 10 ASL letters from A to J,
which is a data set with a one ambiguous couple of signs and one dynamic sign, for
10 persons have shown, that the classification accuracy based on the same features is
80% with the band including 8 sensors and 69% for the 6 sensor band. Hence, the 8
sensor band was adopted for further FMG data collection in this dissertation.

For the surface electrical impedance myography only feasibility studies were found in
the literature for muscle contraction detection and upper arm activities based on some
features graphical evaluation without any study including hand sign classification.
The investigations carried out, in this work, aims therefore to identify primarily the
perspectives of feasibility. In a first stage, we considered both grasping and sign
language hand signs investigated with 1 person performing 11 different hand signs
and 4 features inspired from state of the art investigations for contraction detection.
The results show a good hand sign separability in the frequency rang between 1kHz
and 1 MHz. In the second stage, 10 participants were asked to perform hand signs
corresponding to the ASL numbers between 1 and 9 at a specific reference posture,
which could be considered as a set of signs with a medium level of ambiguity where 2
couples of signs are estimated to show confusions. Five features namely the changes
between rest and hand signs for resistance, reactance, magnitude and phase shift
along with the Silhouette coefficient were extracted and normalized with the min-max
method. The frequency range between 1kHz and 1MHz has a low representation
of the ASL numbers with only 59% accuracy of ELM implemented with 3000 hidden nodes without feature selection. The classification total accuracy reaches 80%
for the frequency range 1kHz to 4kHz with the ELM same implementation conditions.
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After determination of the suitable number and the adequate positions of the sensors
a database of ASL hand signs has been collected from 100 healthy participants
building the basis for a deep evaluation of the novel classification methods proposed
in this work.Thereby, the Extreme Learning Machine (ELM) is chosen as a basis due
to its low computation complexity and suitability for implementation in embedded
systems. This method is a single layer feed forward neural networks well known
to over perform traditional machine learning methods, such as ANN and SVM,
due to their simplified structure and possibility of outputs calculation in only one
iteration even in multi-classification problems. However, its major limitation is that
with its simple structure and the randomly generated hidden nodes and weights, it
may deliver good results over performing other methods, but not the best it could
reach due to the randomness of the initial weights. It has therefore a high potential
to be optimized and to realize a better performance by optimization of its architecture.
In this work we propose to optimize ELM by a weight pruning method to optimize
the network architecture and maintaining the randomness of the initial weights.
The pruning reduces the network size in ELM by removing the weights, which are
less participating to the classification result. We propose to use the grasshopper
optimization algorithm (GOA) as the core of the ELM weight pruning process due
to its fast convergence in multi-dimensional optimization spaces. In application,
GOA has shown immature convergence as it traps into local optima during the
exploration process due to the linear behavior of the exploitation and exploration
coefficients and its population diversity limitation. To improve this aspect, we
propose an optimization of the solution selection strategy by the integration of the
k-tournament selection strategy into the GOA. The k-tournament selection strategy
has the ability to ensure the population’s diversity in a swarm-based optimization
method by enabling all the population individuals to participate in the search process. The proposed k-tournament grasshopper optimization algorithm (KTGOA)
has been implemented to select the ELM weights. Thereby, as GOA was developed
for continuous optimisation problems and the selection is a discrete optimization
problem, a sigmoid transfer function has been integrated into GOA and the method
is designated as K-Tournament Grasshopper Extreme Learner (KTGEL).
Moreover, the linear behavior of coefficient controlling the balance between exploration and exploitation is another limitation of GOA that could influence the
performance of the proposed KTGEL classifier. Non linearity generated by randomness of such coefficient is confirmed in literature as a way to improve the equilibrium
between those phenomena for other swarm intelligence based optimization methods.
Hence, to keep a minimal additional computation complexity, uniform randomization
is proposed to change the linear process of exploitation to a nonlinear process. The
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final proposed Random K-Tournament Grasshopper Extreme Learner (RKTGEL) is
then not only an optimized ELM with a reduced architecture complexity due to the
weight pruning but it is also based on an optimized version of GOA that is technically
able to avoid local optima trapping. Is it also to mention that the RKTGEL is able
to perform the feature selection within its training phase as an effect of weights
coupling with the input data during this phase. Thereby, each weight is coupled to
one feature but one feature is coupled to many weights so a feature is only eliminated
if all its related weights are eliminated.
The proposed classification algorithm RKTGEL has been extensively tested for ASL
recognition based on the sEMG, FMG and sEIM for different hand sign combinations.
Results have been evaluated in terms of classification performance in comparison
with ELM classification results for the same database based on an optimized feature
selection. The feature selection has been realized by a self developed wrapper based
on K-tournament grasshopper optimization algorithm and ELM. The classification
results with RKTGEL for sEMG, FMG, sEIM and a combination of sEMG and
FMG have proven that a similar classification quality can be realized with a reduced
number of hidden neurons from 3000 neurons for the ELM to 400 neurons. This is
a significant reduction of computing complexity. For sEMG collected by 2 sensors
on the forearm from 10 subjects performing 10 signs with only one ambiguous sign
couple, an accuracy of 98% is reached by the RKTGEL. The same set of signs
collected by eight FMG sensors on wrist results an RKTGEL classification accuracy
of 95.5%. As for sEIM, the measurements collected from equidistant four electrodes
in the frequency range from 1 kHz to 4 kHz results a classification accuracy of 94.48%
by the RKTGEL for a set of 9 sign including 2 ambiguous couple of signs. The same
accuracy is reached from the FMG measurements of the same sign set.
The results obtained by EMG only are strongly influenced by the number of subjects. The influence of the subjects’ number on the classification accuracy has been
confirmed to be inverse proportional. The combination between two myographic
methods could lead to a better classification performance in general and even to
100% of classification accuracy in case of small data sets with a low number of classes
and less ambiguous signs, such as 10 classes with one couple of similar hand signs.
Increasing the ambiguity in the data set by one more couple of similar hand signs
doesn’t change the accuracy of classification significantly. However, for complex data
sets with many similarities in one data set, such as 20 classes with 6 couples of similar
signs and 1 dynamic sign, the accuracy remains always limited by the ambiguity
level between the signs. A high level of accuracy can be reached, only by eliminating
one hand sign from each couple of similar signs together with the dynamic sign. In
this last case the combination of sEMG and FMG results an accuracy of 97% for the
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classification of the kept 13 signs instead of 74% classification accuracy with all of
the 20 signs. We conclude that with a limited number of sensors, the choice of the
signs considered in one data set is more critical for the classification performance as
the number of subjects or the number of hand signs.
Based on these results, both the KTGEL and the RKTGEL algorithms, proposed in
this thesis, can be considered for implementation on embedded systems to create
portable systems for hand hand sign recognition based on myographic measurement
techniques especially in perspective of novel systems developments of edge computing,
such as Network on Chip technologies. Embedded wearable systems for hand sign
recognition could be a forearm small sensor bracelet including pressure sensors, surface EMG sensors and surface electrical impedance myography measurement systems
in a compact embedded smartwatch design that ensures the user comfort.
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A

Appendix: Other Swarm Intelligence Algorithms in the
Literature

A.1 Particle Swarm Optimizer
PSO simulates the behaviors of bird flocking. Suppose the following scenario: a
group of birds is randomly searching for food in the area. There is only one piece of
food in the area being searched. All the birds do not know where the food is. But
they know how far the food is in each iteration. So what is the best strategy to find
the food? The effective one is to follow the nearest bird to the food.
PSO inspiration came from the scenario and used it to solve the optimization
problems. In PSO, every single solution is a "bird" in the search space. It is called a
"particle". All particles have fitness values that are evaluated by the fitness function
to be optimized, and have velocities that direct the particles’ flying. The particles
fly through the problem space by following the current optimum particles [204].
A.1.1 Mathematical Model Explanation
In [115] in 1995, was the first time PSO was proposed with a performance comparison
to the GA. It is an algorithm inspired by bird flocking and fish schooling by its
swarming behavior.
Flock behavior means that even though the distance among each bird is stable, the
swarm can move drastically when the swarm shape or direction changes. It considers
each bird as a particle. The parameters used to describe each particle are velocity
and position, which means that each particle is influenced by these two factors. With
the evolution of these two factors, by the end of iteration, the best position can be
determined. That position is the optimal for the function. The PSO pseudo-code
can be seen in algorithm 14, and it is based on the equations A.1 and A.2 :

Vi = 𝜔Vi + U[0,𝜑𝑝 ] ⊗ (Pi − Xi ) + U[0,𝜑𝑔 ] ⊗ (Pg − Xi )

(A.1)
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Xi = Xi + Vi

(A.2)

Algorithm 19: Pseudo-code of particle swarm optimization algorithm
[175].
Input: 𝑐1 , 𝑐2 , 𝑤𝑚𝑎𝑥 , 𝑤𝑚𝑖𝑛 ,
N number of population,
T maximum number of iterations
Output: 𝐺𝐵𝑒𝑠𝑡 : the best particle
1 Initialize parameters 𝑐1 , 𝑐2 , 𝑤𝑚𝑎𝑥 , 𝑤𝑚𝑖𝑛 , N and T
2 Generate an initial population of particles 𝑥𝑖 (i=1,2,...,N)
3 Evaluate the fitness of each particle and set all initial positions as 𝑃𝐵𝑒𝑠𝑡𝑥 .
𝑖
4 while t < 𝑇 do
5
Select the 𝐺𝐵𝑒𝑠𝑡 particle in the swarm, which has the minimum fitness
value.
6
for i=1:N do
7
Calculate the velocity of particle 𝑥𝑖 .
8
Update the position of particle 𝑥𝑖 .
9
10
11
12
13
14

for i=1:N do
Evaluate the fitness of updated particle 𝑥𝑖 .
if f(𝑥𝑖 ) < 𝑓 (𝑃𝐵𝑒𝑠𝑡𝑥𝑖 ) then
Set the current position as 𝑃𝐵𝑒𝑠𝑡𝑥𝑖 .
Find the best particle 𝐺𝐵𝑒𝑠𝑡 using the found position 𝑃𝐵𝑒𝑠𝑡𝑥𝑖
return the best particle 𝐺𝐵𝑒𝑠𝑡

Assume a particle 𝑖, and its velocity 𝑉𝑖 and position 𝑋𝑖 . 𝑃𝑖 stands for the current
optimal position. During the initialization, the population of particles is determined
together with their original positions and velocities. After that, during iteration,
both 𝑉𝑖 and 𝑋𝑖 are updated until the global optimal Pg is found. In equation A.1,
there are 2 factors that influence the searching direction: The inertial weighting
parameter 𝜔 and the acceleration coefficients 𝜑𝑝 and 𝜑𝑔 which are also named acceleration weighting parameters. 𝑈 [𝑎,𝑏] is the uniform distribution for introducing
randomness into the system, and ⊗ is the multiplication of each element in the vector.

Particle Swarm Optimizer is considered to be one of the powerful methods of optimization. The algorithm shares advantages as well as disadvantages.
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A.2 Grey Wolf Optimizer

The advantages are:
1. PSO has a limited number of parameters which has very less sensitivity to the
solutions compared to the other evolutionary algorithms
2. It is considered to generate high quality solutions within a short time
3. The optimizer is considered to have a stable convergence which implies the
robustness of the algorithm
The disadvantages are:
1. PSO has the limitation of finding the optimal design parameters and stochastic
characteristics of the final output
2. PSO suffers from the partial optimism, which ends at local optimal solutions
leading to less exact regulation of speed and direction
3. Though the PSO has fewer parameters, the tuning of these parameters to
the exact solution is a problem. Decreasing 𝜔 leads to a decrease in the
particle’s speed resulting in more exploitation and less exploration. Therefore,
the performance of the PSO is considered to be problem-dependent.
A.1.2 Binary Particle Swarm Optimizer
The Binary particle swarm optimization is a binary optimizer used for the feature
selection process where the velocities of particles are updated but restricted to 1
and 0 [50]. The velocity in BPSO indicates the probability of the corresponding
element in the position vector taking value 1. The Sigmoid function is used to limit
the value of velocity between 0 and 1 [195]. The position update is carried out using
the equation below.

𝑌 𝑚 = 1, if(𝑋 𝑚 + 𝑏𝑠𝑡𝑒𝑝𝑚 ) ≥ 𝑟 0, else

(A.3)

𝑣[𝑥] = 𝑣[𝑥] + 𝑐1 * 𝑟𝑎𝑛𝑑(𝑥) * (𝑝𝑏[𝑥] − 𝑝[𝑥]) + 𝑐2 * 𝑟𝑎𝑛𝑑(𝑥) * (𝑔𝑏[𝑥] − 𝑝[𝑥]) (A.4)

A.2 Grey Wolf Optimizer
In nature, normally, the grey wolves are exhibited to live in packs of 5 to 12. The
population is said to own the leadership hierarchy and a disciplinary act within them.
When these wolves are subjected to hunt, it involves three main steps, i.e., searching
prey, encircling prey and attacking prey. So, the wolves within the pack are grouped
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into 4 categories. The first category consists of the leader wolf called the Alpha (𝛼)
which can be either a male or female that is responsible for taking the final call on
the decisions within the pack. Belonging to the second category are the Beta (𝛽)
wolves that assist Alpha during the decision making and conveying messages to the
other wolves in the pack. The Delta (𝛿) wolves belong to the third category. They
are responsible for hunting and guarding. Lastly, the Omega (𝜔) wolves need the
above wolves’ permission to carry out the activities within the pack [193].
A.2.1 Mathematical Model Explanation
Looking into the grey wolves’ behavior in nature, Mirjalili et al.[153] proposed the
algorithm to design the Grey Wolf Optimization. The fitness of each wolf is evaluated,
and the alpha, beta and delta wolves are chosen. The wolf with the best fitness is
called the alpha wolf, the wolf with the second and third best fitness are considered
beta and delta wolves. While the remaining wolves that follow these three leaders are
called to be the omega wolves [193]. The mathematical explanation of the encircling
behaviour of the wolf is given in the equation A.5 where 𝑋𝑝,𝑡 is the position of the
prey at 𝑡𝑡ℎ iteration, 𝜇 is the coefficient vector defined in equation A.7 and d is
defined equation A.6 where c is the coefficient vector, X is the position of grey wolf
and t is the number of iteration.

𝑋𝑡+1 = 𝑋𝑝,𝑡 − 𝜇 * 𝑑

(A.5)

𝑑 = |𝑐 * 𝑋𝑝,𝑡 − 𝑋𝑡 |

(A.6)

𝜇 = 2 * 𝑏 * 𝑟1 − 𝑏

(A.7)

The coefficients of the vectors are determined using the equation A.8 where r1 and
r2 are two independent random numbers uniformly distributed between [0..1], and b
is the encircling coefficient that is used to balance the trade off between exploration
and exploitation. it is given by the equation A.9 where M is the maximum number
of iterations:
𝑐 = 2 * 𝑟2

186

(A.8)

A.2 Grey Wolf Optimizer

𝑏=2−2*

𝑋𝑡+1 =

1
𝑀

𝑋1 + 𝑋2 + 𝑋3
3

(A.9)

(A.10)

The 𝑋𝛼 , 𝑋𝛽 and 𝑋𝛿 are computed using the equation A.5 , 𝜇𝛼 , 𝜇𝛼 and 𝜇𝛼 are
computed using the equations A.11, A.12 and A.13 and the pseudo-code of the
Grey Wolf Optimizer is given by the algorithm 14. So, the Grey Wolf Optimizer
is an optimization technique which involves the leadership hierarchy. Based on
this technique, the optimizer is considered to have the following advantages and
disadvantages.
𝑋 1 = 𝑋 𝛼 − 𝜇𝛼 * 𝑑 𝛼

(A.11)

𝑋 2 = 𝑋 𝛽 − 𝜇𝛽 * 𝑑 𝛽

(A.12)

𝑋 3 = 𝑋 𝛿 − 𝜇𝛿 * 𝑑 𝛿

(A.13)

The advantages of GWO are:
1. The main advantage of the GWO is that the search is carried out among the
population in parallel, leading to rapid discovery of solutions
2. GWO is also a good optimizer which adapts to the changes such as new
distances
3. GWO have very few parameters, which are to be tuned in a simple manner to
observe the best convergence towards the solution
The disadvantages of GWO are:
1. In GWO, there is a change in the probability distribution for every carried
iteration
2. GWO is based on leadership hierarchy, therefore the balance between exploitation and exploration is necessary and difficult
3. GWO comparatively has more experimental work than theoretical research.
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Algorithm 20: Pseudo-code of grey wolf optimization algorithm [155].
Input: N size of population,
T maximum number of iterations
Output: 𝑋𝛼 best leader search agent
1 Initialize the grey wolf population 𝑋𝑖 (i=1,2,...,N)
2 Initialize 𝛼, A and C
3 Calculate the fitness of each search agent
4 𝑋𝛼 = the best search agent
5 𝑋𝛽 = the second best search agent
6 𝑋𝛿 = the third best search agent
7 while t < T do
8
foreach search agent do
9
Update the position of the current search agent
10
11
12
13
14

Update 𝛼, A and C
Calculate the fitness of all search agents
Update 𝑋𝛼 , 𝑋𝛽 , and 𝑋𝛿
t=t+1
return 𝑋𝛼

A.2.2 Binary Grey Wolf Optimization
The GWO is generally used to solve continuous optimization problems. However, in
the case of binary optimization problems such as feature selection, the binary version
of GWO is required. Emary et al. proposed BGWO, which performs the feature
selection within GWO [72] as:

𝑡+1
𝑋𝑚
= 𝐶𝑟𝑜𝑠𝑠𝑜𝑣𝑒𝑟(𝑋1 , 𝑋2 , 𝑋3 )

(A.14)

where Crossover (𝑋1 , 𝑋2 , 𝑋3 ) is a suitable cross over between solutions. In which
x1, x2, x3 are binary vectors representing the effect of wolf move towards the alpha,
beta and delta grey wolves

𝑐𝑠𝑡𝑒𝑝𝑚 =

1
1 + 𝑒𝑥𝑝(−10(𝜇𝑚 * 𝑑𝑚 − 0.5))

(A.15)

The population is randomly initialized in terms of either bit 1 or 0. The fitness of
each wolf is evaluated, and the equation of Y is computed. The position of the wolf
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is updated using the crossover equation. After each iteration, the positions of the
alpha, beta and delta are updated.
The optimizer also helps in the wrapper-based methodology of feature selection, where
only certain required features are selected, and the resultant best accuracy is achieved.
Though the implementation of the Binary Grey Wolf Optimizer is in two ways,
as shown by Emary et al.[72], this work adapts the beneficial method of implementation by using the Crossover method. The pseudo-code of the implementation is as
shown in the algorithm 14.
Algorithm 21: Pseudo-code of Binary Grey Wolf Optimization Algorithm
[72]
Input: N size of population,
T maximum number of iterations
Output: 𝑋𝛼 best leader search agent
1 Initialize the wolves randomly
2 Initialize the parameters b, c, w and mu
3 Evaluate fitness of each wolf
4 Set 𝑋𝛼 = The position of best wolf
5 Set 𝑋𝛽 = The position of second best wolf
6 Set 𝑋𝛿 = The position of third best wolf
7 while t < T do
8
for each solution in population do
9
Calculate the wolves’ positions
10
Update the position of 𝑋𝑛𝑒𝑤 using the crossover equation
11
Evaluate the fitness of all grey wolves
12
Update the position of alpha, beta and delta
13
Update the parameters b, c, w, and mu
14

Return the best wolves

A.3 Hybrid Particle Swarm Optimization Grey Wolf Optimizer
In the hybrid Particle Swarm Optimization Grey Wolf Optimizer (PSOGWO), the
algorithm is developed without making many changes in the general operation of
the PSO and GWO algorithm. The PSO algorithm is considered a solver for realtime problems. However, it suffers the drawback of falling into a local minimum.
The exploration character of the algorithm improvises with the help of GWO. The
positioning at various locations helps search agents explore more effectively. However,
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the drawback with respect to this optimizer is that it takes additional time to
compute GWO and PSO. The increased operation time is considered to be tolerable
when it is expected to give a better optimized solution of global optimum [206].
A.3.1 Mathematical Model Explanation
The mathematical explanation for the exploratory operation of PSOGWO is given
by equation

𝑋𝑡+1 = 𝑋𝑝,𝑡 − 𝜇 * 𝑑

(A.16)

where 𝑋𝑝,𝑡 is the position of the prey at 𝑡𝑡ℎ iteration, 𝜇 is the coefficient vector and
d is defined as:

𝑑 = |𝑐 * 𝑋𝑝,𝑡 − 𝑋𝑡 |

(A.17)

where c is the coefficient vector, X is the position of grey wolf and t is the number of
iteration. The coefficients of the vectors are determined using:
𝜇 = 2 * 𝑙 * 𝑟1

(A.18)

𝑐 = 2 * 𝑟2

(A.19)

where r1 and r2 are two independent random numbers uniformly distributed between
[0..1], and b is the encircling coefficient that is used to balance the trade off between
exploration and exploitation. it is given by:

𝑏=2−2*

1
𝑀

where M is the maximum number of iterations
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The 𝑋𝛼 , 𝑋𝛽 and 𝑋𝛿 are computed using the equation (1), 𝜇𝛼 , 𝜇𝛽 and 𝜇𝛿 are computed
using the equation:

𝑋 1 = 𝑋 𝛼 − 𝜇𝛼 * 𝑑 𝛼

(A.21)

𝑋 2 = 𝑋 𝛽 − 𝜇𝛽 * 𝑑 𝛽

(A.22)

𝑋 3 = 𝑋 𝛿 − 𝜇𝛿 * 𝑑 𝛿

(A.23)

In PSOGWO, the first three agents positions are updated in the search space by the
following mathematical equations. Instead of using usual mathematical equations,
it controls the exploration and exploitation of the grey wolf in the search space by
inertia constant. The modified governing equations are

𝑑𝛼 = |𝑐1 .𝑋𝛼 − 𝜔 * 𝑋|

(A.24)

𝑑𝛽 = |𝑐2 .𝑋𝛽 − 𝜔 * 𝑋|

(A.25)

𝑑𝛿 = |𝑐3 .𝑋𝛿 − 𝜔 * 𝑋|

(A.26)

In order to combine PSO and GWO variants, the velocity and updated equation are
proposed as follows:

𝑣𝑖𝑘+1 = 𝜔 * (𝑣𝑖𝑘 + 𝑐1 𝑟1 (𝑋1 − 𝑋𝑖𝑘 ) + 𝑐2 𝑟2 (𝑋2 − 𝑋𝑖𝑘 ) + 𝑐3 𝑟3 (𝑋3 − 𝑋𝑖𝑘 ))

(A.27)

𝑋𝑖𝑘+1 = 𝑋𝑖𝑘 + 𝑉𝑖𝑘+1

(A.28)
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The pseudo-code of this hybrid optimizer is given by the algorithm 15.
Algorithm 22: Pseudo-code of Hybrid Grey Wolf Optimization
(PSOGWO) [206]
Input: N size of population,
T maximum number of iterations
Output: 𝑋𝛼 best leader search agent
1 Randomly initialize the wolves
2 Initialize the parameters b, c, w and mu
3 Evaluate the fitness of the wolves
4 Set 𝑋𝛼 = The position of the best wolf
5 Set 𝑋𝛽 = The position of the second best wolf
6 Set 𝑋𝛿 = The position of the third best wolf
7 while t < T do
8
for i < N do
9
Compute the equation to find 𝑋𝛼 , 𝑋𝛽 , and 𝑋𝛿
10
Update the position of the wolves using the velocity equation
11
12
13
14
15

next i
Evaluate the fitness of all the grey wolves
Update the position of alpha, beta and delta
Update the parameters b, c, w, and mu
next t

The hybrid optimizer is a combination of GWO and PSO, and it overcomes the
drawback of the GWO of premature convergence. This methodology has been found
advantageous for approaching the best solution to the problem. However, it suffers
from time consumption for every iteration.

A.3.2 Hybrid Binary Grey Wolf Particle Swarm Optimization

We understood that the original hybrid optimizer benefits from the strengths of both
GWO and PSO. Even before considering the above-mentioned optimizer’s excellent
performance, it lacks the performance in binary problems, such as feature selection.
Therefore, the binary version of the above optimizer is necessary for solving the
binary problems. In 2019, Al-Tashi et al. [216] proposed the paper on the Binary
version of the hybrid optimizer to evaluate the binary search space problems. To
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ensure the search agents work in an optimized way in binary search space, the
position update is modified as below.

𝑡+1
𝑋𝑚
= 1, if(𝑋𝛼𝑚 + 𝑏𝑠𝑡𝑒𝑝𝑚
𝛼 ) ≥ 1 0, else

(A.29)

where 𝑋𝑑𝑡+1 is the binary updated position at iteration t and dimension m. The r is
the random number which lies between [0,1].
Now, considering the wolves’ position update, the best three solutions are considered
through which a control factor w controls the exploration and exploitation. It is
given using the below equation.

𝐷𝛼 = |𝐶1 .𝑋𝛼 − 𝜔 * 𝑋|

(A.30)

𝐷𝛽 = |𝐶2 .𝑋𝛽 − 𝜔 * 𝑋|

(A.31)

𝐷𝛿 = |𝐶3 .𝑋𝛿 − 𝜔 * 𝑋|

(A.32)

Lastly, the position and velocity update are performed using the equation below.

𝑣𝑖𝑘+1 = 𝜔 * (𝑣𝑖𝑘 + 𝑐1 𝑟1 (𝑋1 − 𝑋𝑖𝑘 ) + 𝑐2 𝑟2 (𝑋2 − 𝑋𝑖𝑘 ) + 𝑐3 𝑟3 (𝑋3 − 𝑋𝑖𝑘 ))

(A.33)

𝑋𝑖𝑘+1 = 𝑋𝑑𝑡+1 + 𝑉𝑖𝑘+1

(A.34)

This optimizer’s objective stands by selecting the minimum amount of features. The
selected feature is indicated by 1 and the not selected feature by 0. The other motive
is the maximization of the classification accuracy. The resultant graph shows the
outcome of the optimizer.
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A.4 Bat Algorithm
Similarly to other behavior-inspired algorithms like PSO, which uses the multiple
searching agent to mimic the particle swarm behavior, the Bat Algorithm (BA) [238]
imitates the frequency-tuning techniques of bats to expand the range of solutions.
The algorithm is inspired by the echolocation and sonar characteristics used by bats to
detect their target position. Furthermore, to balance the exploration and exploitation,
automatic zooming is used to imitate the variations of pulse emission rates and bats’
loudness. Thus, the determination of each bat depends on two variables: position
and velocity. It is also to mention that the BA uses frequency, pulse emission rate
and loudness as controlling parameters, which change during each iteration. In
contrast, in other optimization algorithms such as PSO the algorithm parameters
(inertial weight and acceleration weight for PSO) are normally determined during
the initialization phase. the BA algorithm parameters are: the size of bat population
N , the location 𝑆𝑞 and velocity 𝑉𝑞 , the pulse rate 𝑟0 , the frequency of emission pulse
[𝜆𝑚𝑖𝑛 , 𝜆𝑚𝑎𝑥 ], the enhancement coefficient of pulse rate c, the loudness attenuation
coefficient 𝛼 and the loudness scope [𝐴0 ,𝐴𝑚𝑖𝑛 ]. the 𝑞𝑡ℎ bat can be presented as:
[︀
]︀
𝑁𝑞 = 𝑎11 , · · · ,𝑎𝑃 𝑈 ,𝑏1 , · · · ,𝑏𝑃 ,
(A.35)
The bats use the echolocation to detect the distances of moving objects. For each
iteration the bats’ q parameters are updated as:

⎧
⎨ 𝜆𝑞 = 𝜆𝑚𝑖𝑛 + (𝜆𝑚𝑎𝑥 − 𝜆𝑚𝑖𝑛 )𝜎
𝑉 𝑙 = 𝑉𝑞𝑙−1 + (𝑆𝑞𝑙 − 𝑆 * )𝜆𝑞
⎩ 𝑞𝑙
𝑆𝑞 = 𝑆𝑞𝑙−1 + 𝑉𝑞𝑙
where l is the current iteration number, 𝜎 is a random variable [0,-1] and 𝑆 ⋆ is the
optimal location of the bat.
′
When randomly generating a new location 𝑆𝑞𝑀
of a bat around the old selected
location, and calculating the fitness of the new locations, if the new fitness is better
than the extreme fitness, the position is updated as follows:
′
𝑆𝑞𝑀
= 𝑆 𝑞𝑀 + 𝜇𝐴𝑙

(A.36)

where 𝜇 is randomly chosen between [-1,1], 𝐴𝑙 is the bats pulse loudness average at
the current iteration, and M is the search space dimension.
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if the fitness 𝑆𝑞𝑀 is better than the fitness of optimal bat 𝑆 ⋆ , the bat parameters
updated as:
⎧ *
⎨ 𝑆 = 𝑆 𝑞𝑀
(A.37)
𝐴𝑙+1
= 𝜆𝐴𝑙𝑞
𝑞
⎩ 𝑙+1
𝑟𝑞 = 𝑟𝑞0 [1 − exp(𝛾𝑙)
If the iteration condition was met, the optimal solution 𝑆 ⋆ is returned.
So, the Bat Algorithm (BA) is based on a population of bats, which present the
possible solutions, and use echolocation to sense distance then fly randomly through
a search space, updating their positions and velocities with the aim of finding the
prey as the best solution 13.
Algorithm 23: Pseudo-code of bat algorithm [237].
Input: N size of population,
T maximum number of iterations
Output: The best search agent
1 Initialize the bat population 𝑥𝑖 (i=1,2,...,N) and velocity 𝑣𝑖
2 Define pulse frequency 𝑓𝑖 at 𝑥𝑖
3 Initialize pulse rates 𝑟𝑖 and the loudness 𝐴𝑖
4 while t<T do
5
Generate new solutions by adjusting frequency and update velocities and
positions
6
if rand> 𝑟𝑖 then
7
Randomly select a solution among the best solutions;
Generate a local solution around the selected best solution by a local
8
random walk
9
if rand< 𝐴𝑖 and 𝑓 (𝑥𝑖 ) < 𝑓 (𝑥𝑏𝑒𝑠𝑡 ) then
10
Accept the new solution
11
Increase 𝑟𝑖 and decrease 𝑎𝑖
12
13

Rank the bats at each iteration and store their current global best 𝑥𝑏𝑒𝑠𝑡
Post process results and visualization
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Appendix: Moore-Penrose generalised inverse

The Moore–Penrose generalized inverse and the minimum norm least-squares solution
of a general linear system in Euclidean space are introduced in this appendix chapter.
In [99], SLFN is announced to be actually a linear system if the input weights and the
hidden layer biases can be chosen randomly, which is conform to the ELM structure.
The Moore–Penrose generalized inverse of a matrix could by calculated by several
methods such as: the orthogonal projection, the orthogonalization, the iterative
method or the singular value decomposition (SVD) [91]. When 𝐻 𝑇 𝐻 is non-singular
and 𝐻 † = (𝐻 𝑇 𝐻)−1 𝐻 𝑇 the orthogonal projection method is suitable. However,
in some applications, 𝐻 𝑇 𝐻 could tend to be singular. Hence, the orthogonal
projection method is not considered suitable for all applications. In addition, The
orthogonalization method and iterative method have limitations since searching and
iterations are used. However, the SVD is considered to be always efficient in the
calculation of the Moore–Penrose generalized inverse of 𝐻, and thus it is used in
general for the implementations of ELM [134].
The pseudocode of The Moore–Penrose generalized inverse for ELM is introduced in
[8] as shown in algorithm 21
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Algorithm 24: Moore-Penrose generalized inverse [8]
Input: A matrix H of size 𝑁 × 𝐿
1 Step 1: Initialization: Set variable pT to zero;
2 Step 2: Check the rank of matrices
3 if N ≤L then
4
N ←L, P ← H𝐻 𝑇 , pT ← 1
5 else
6
P ← 𝐻𝑇 H
7

8
9
10
11
12
13
14

15
16
17

18
19
20
21

Step 3: Rank Cholesky Factorization: First create a new zero matrix Q
with the same size as matrix P. Then, find a diagonal matrix D of matrix Q.
Initialize a counter c = 0 and 𝜀 = minDiag * 10− 9 where the minDiag is
the smallest positive element of the matrix D.
for k ← 1 to N do
c ← c+1
𝑁,𝑘
𝑁,𝑐−1
𝑄𝑁,𝑐
(𝑄𝑁,𝑐−1
)𝑇
𝑘,𝑐 ← 𝑃𝑘,𝑘 - 𝑄𝑘,1
𝑘,1
𝑘,𝑐
if 𝑄𝑘,𝑐 > 𝜀 then
𝑁,𝑐 1
2
𝑄𝑘,𝑐
𝑘,𝑐 ← (𝑄𝑘,𝑐 )
if k<N then
𝑄𝑁,𝑐
𝑘+1,𝑐
𝑄𝑁,𝑐
𝑘+1,𝑐 ←
𝑄𝑘,𝑐
𝑘,𝑐
else
c← c-1
Step 4: Computation of the MP generalized inverse of the matrix H: Create
a new matrix R (the number of rows is equal to the number of rows of the
matrix Q and the number of columns is equal to c), and then assign the
matrix R to the matrix Q.
if pT == 1 then
𝐻 + ← 𝐻 𝑇 R(𝑅𝑇 𝑅)−2 R𝑇
else
𝐻 + ← R(𝑅𝑇 𝑅)−2 R𝑇 𝐻 𝑇
Output: Moore-Penrose generalized inverse matrix 𝐻 + of size 𝐿 × 𝑁
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Appendix: Surface Electromyography Sensor Design
Requirements

Action potentials happen at random intervals. So, at any given moment, the EMG
signal may be either positive or negative voltage and vary with respect to time. In
addition, the amplitude range of the sEMG signal is generally 0-10 mV (+5 to -5)
prior to amplification [178]. During the identification and rerecording gestures by
sEMG, there are two highlighting concerns that impact the signal’s fidelity. The first
is the signal-to-noise ratio: the ratio of the energy in the EMG signals to the energy
in the external and internal noise signal [24]. In common terms, noise is defined as
electrical signals that do not belong to the part of desired EMG signal. However,
the signal’s distortion has a significant contribution to the frequency attribute of the
EMG signal. These electrical signal noises involve primarily electronic equipment
inherent noises with other ambient noises due to electromagnetic radiation, motion
artifact from electrode interface and electrode cable, etc. [178].

C.1 Surface EMG Amplification Circuit
The amplitude of surface EMG signals is in the range from micro-volts, µV to
mV depending on the muscle types and conditions during the observation process,
this level is extremely weak and hardly observed by bare eyes [60]. Therefore, the
amplification for the sEMG signal is required. According to the International Society
of Electrophysiological Kinesiology [59], the specifications of the front-end sEMG
signals amplifier are:
• Input Independence: > 10𝑀 𝛺 [27]
• Amplification Gain: 200-100,000 +/- 10% .
• Gain non-linearity: <= +/-2:5%.
• CMRR: >100dB at 40 Hz [148].
• EMG amplifier input noise: less than 2 µV RMS nominal.
Instrumentation amplifiers are generally selected for EMG signal amplification due
to the desirable characteristics in medical applications, for example, the high CMRR,
which can effectively reject the common-mode signals from electrodes, the high
input impedance that helps input the EMG signal to the amplifier without much
attenuation, the high gain that ensures one stage amplification instead of multiple
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stages amplification which involves more noise, and the low noise character that can
remove the noise from the amplifier itself out of the EMG signal. In addition, an
instrumentation amplifier is a type of differential amplifier that has been outfitted
with input buffer amplifiers, which eliminate the need for input impedance matching
and thus make the amplifier particularly suitable for use in measurement and test
equipment. The instrumentation amplifier amplifies the difference between two
floating signals and outputs a single-ended signal referred to as the system ground,
which is also perfectly suitable to the surface EMG recording process.

C.2 Filtration Circuit
Targeting on minimizing the size of the design, it is would be more acceptable to
use one amplifier to design the band-pass filter rather than connecting the high pass
filter to the low pass filter with two amplifiers [223], [215]. Due to the adopted
battery power supply for wearable systems, the band-pass filter design using an
amplifier without a rail to rail character based on the USB power supply is not
appropriate [32]. Generally, the amplitude of the EMG signal varies from 0- 10mV
(peak-to-peak). The frequency range of this signal is ranging between 10-500 Hz
and most power density in between 50-150 Hz [104], [226], [61]. Hence, after being
amplified by the instrumentation amplifier, the signal should passe through a band
pass filter designed with a pass band frequency of 20 Hz to 500 Hz according to
Scientific recommendations for research studies by the Surface EMG for Non-Invasive
Assessment of Muscles (SENIAM) European guidelines that deny any narrowing in
this band setting and the target is to measure the sEMG in it full band length [124],
[11] and prohibiting especially any type of notch filter [191] (e.g. to cancel out 50 or
60 Hz noise) which is considered as not accepted and their collected signals are no
longer usable for scientific research [191], [124], [11].

C.3 Noise: Sources and Strategies for Elimination/Reduction
Passing through various tissues, the sEMG signal is contaminated by various noises.
By analyzing the source and properties of these unwanted electrical signals, the system
performance could be substantially upgraded using noise removal techniques.The
tissue and electrode elements are depicted in figure C.1. During the recording of the
EMG signal, the movement artifact noise, electrode noise, cable motion artifact, and
alternating current power line interference are the major sources of contamination in
EMG signal recording [51].
• Electrode noise
The EMG signal can be detected using surface electrodes, which are affixed to
the skin overlying the muscle of interest, or using indwelling electrodes(wire
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Figure C.1: Components that affect the source of the EMG signal as it makes its
way to the differential amplifiers

or needle), which are inserted into the muscle tissue. In either case, the basis
by which the electrodes function is the formation of a layer of charge at the
interface between the metal electrode and an electrolyte solution. The presence
of a charge gradient at the electrode-electrolyte interface produces a voltage,
or potential called the half-cell potential. This potential is dependent on the
electrode material and a considerable DC voltage difference (e.g. more than
1 V) can exist between electrodes of different metals and,to a much lesser
extent, electrodes made of the same metal. In EMG measurement, all recording
electrodes should be made of the same material to minimize half-cell potential
differences. Considering figure C.2, the two interfaces present can be suspected

Figure C.2: Electrodes noise sources

to be responsible for the generation of noise. At the first interface(metalelectrolyte interface), the charge is transferred from the electrolyte to the metal.
Dankers found that the noise of electrodes depends on the metal used, which
indicates that the metal-electrolyte interface contributes to the noise of surface
electrodes [147]. Geddes and Baker also stated that the metal-electrolyte
interface may be a primary noise source in bio-potential recording [80]. The
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electrolyte-skin interface is also likely to contribute to electrode noise. From the
experiments, it appears that the gel-skin interface is primarily responsible for
the noise measured on pre-gelled electrodes placed on the skin [51]. However,
it is suggested that electrode noise might partly be caused by EMG signals,
as there is always a basic level of activity, even when the muscles are relaxed
[85]. In order to reduce the electrode noise, it is highly recommended to use
Ag-AgCl electrodes which are very stable electrically [80]. High electrodeskin impedance can lead to reduced signal amplitude, waveform distortion
and power line interference in the recorded EMG. Careful skin preparation,
including cleansing with alcohol or lipid solvents (e.g. ether) and rubbing a
conductive paste or gel into the skin, will reduce the electrode-skin impedance
to acceptable levels.
• Electrode Motion Artifact
There are two sources of motion artifact in surface electrodes: mechanical
disturbance of the electrode charge layer and deformation of the skin under
the electrodes. The first type of motion artifact occurs when there is relative
movement between the electrode and the underlying skin. This type of artifact
is greatly attenuated in recessed electrodes, in which the electrode-electrolyte
interface is separated from the skin surface by a layer of conductive gel or
paste. The second type of motion artifact arises because a potential difference,
the skin potential, exists across the layers of the skin, and these value of
this potential changes when the skin is deformed or stretched. This type of
motion artifact is not attenuated by the use of recessed electrodes but can be
reduced by reducing the skin impedance [229]. As mentioned above, careful
skin preparation could reduce skin impedance. In addition, since the power
density of motion artifact is mostly below 20 Hz, a high pass filter is often
incorporated into the measurement instrumentation. Based on simulated bursts
of EMG contaminated with low-frequency artifacts and on real dynamic gait
EMG contaminated with motion artifact. Conforto found that the wavelet
filter gave superior performance in information preservation and time-detection
of EMG bursts [53].
• Cable Motion Artifact
The cables which connect the recording electrodes to the amplifier have an
intrinsic capacitance.If non shielded cables are moved through an ambient
magnetic or electric field or are subjected to a time-varying magnetic or electric
field, the current is generated. The magnitude of the voltage induced in the cable
is the product of the displacement current and the electrode skin impedance
plus the voltage induced by magnetic coupling (both affected by cable motion).
This voltage can be comparable to the magnitude of the detected EMG. The
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artifact typically has a frequency range of 1 to 50 Hz. A cable motion artifact
can be reduced by reducing the electrode skin impedance through careful skin
preparation. An excellent solution to cable motion artifact is the use of active
electrodes, in which the electrode is mounted onto an operational amplifier
(op-amp) which has a high input impedance and a low output impedance
and is configured as a unity-gain buffer. This device is called a miniature
skin-mounted pre-amplifier [13], [123].
• Alternating Current Power Line Interference
Ambient electromagnetic fields exist in the vicinity of AC 120 V (or 230 V)
power lines and electric equipment. The frequency of these fields is at the
frequency of the AC power supply (60 Hz in North America and 50 Hz in
Europe) and its harmonics. The presence of such fields can result in a power
line interference signal in the recorded EMG, which can be much larger than the
EMG itself. The magnetically induced power line interference can be reduced
by keeping the electrode leads short and/or by twisting the leads together,
such that the loop area enclosed by the electrode leads, subject, and signal
amplifier is minimized. Good skin preparation, to reduce the skin impedance
and minimize the difference between the skin impedance’s at the recording
electrode sites, is essential to reduce the magnitude of the artifact induced
by displacement currents in the electrode leads and the subject. Even with
good skin preparation at the recording electrode sites and using well-designed
instrumentation, it may not be possible to adequately attenuate power line
interference in the EMG before the signal acquisition, and off-line processing
will be necessary to remove the recorded artifact. One possibility is to process
the EMG through a digital adaptive filter [78], [230].
• Other noise sources
There are other sources, however, and it is important to be aware of and to
minimize the contamination from these sources as well, such as inherent noise
in electronics equipment. Relative to EMG amplitude, Clancy and Farry found
their RMS equipment noise to be 2.1±1.7% of the RMS EMG at 50% MVC
(or, approximately 1% of the EMG amplitude corresponding to MVC). This
level of noise is usually lower than the noise due to the electrode skin interface
plus any residual signal due to incomplete muscular relaxation and does not
present a serious problem when EMG is recorded during moderate or high force
contractions, because the signal-to-noise ratio (the ratio of EMG amplitude to
noise magnitude) will be high [52]. The EMG rest -line remains at constant
zero and the regular EMG burst returns to zero within a few milliseconds. In
addition when the cables shake too much, there is a visible shift of baseline
which is greater than 5ms indicating the artifact. This problem can be solved by
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the correct fixation of electrodes [124], other solution could be using statistical
techniques [49].
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D

Appendix: Additional Results

In this appendix includes extra results from investigations done in the whole report.

D.1 Radar Plots of Some Extracted sEMG Features
From the features’ radar plots in Figures D.1, D.2, D.3, some redundancies are
noticed between the various features such as IEMG and MAV or RMS and RSS,
which confirm the need for a feature selection stage on the ASL recognition algorithm.
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Figure D.1: Radar plots of sEMG features: (a) Mean Absolute Values, (b) Band
Power.
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Figure D.2: Radar plots of sEMG features: (a) Integrated EMG, (b) Max Absolute
Value, (c) Max peak, (d) Mean frequency.
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Figure D.3: Radar plots of sEMG features: (a) Peak to peak, (b) Root mean square,
(c) Root sum of square level, (d) Standard deviation.
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D.2 KTGELM for Benchmark Data Sets
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All convergence over iterations results show the excellence of the KTGELM compared
to the other algorithms. In fact, it precedes all of the others in the majority of
processing trials done on all the data sets and raised the best accuracy value before
all of them as it could be seen in Figures ??, ??, D.7, ?? .
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Figure D.4: Convergence curves of best solution over iterations of the data sets: (a)
Wine identification, (b) Tic-tac-toe, (c) Glass identification, (d) Breast cancer
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Figure D.5: Convergence curves of best solution over iterations of the data sets:
(a)Smart grid stability, (b) Fetal cardiotocogram analysis, (c) Parkinson disease diagnosis.
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Figure D.6: Convergence curves of best solution over iterations of the data sets: (a)
Lymphography, (b) Zoo, (c) Plant leaf identification, (d) Epilepsy seizure detection.
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Figure D.7: Convergence curves of best solution over iterations of the data sets: (a)
Sonar, (b) qualitative activity recognition of weight lifting exercises, (c) Ionosphere,
(d) waveform generator identification.
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Figure D.8: Plot of K-Tournament Grasshopper ELM for gesture recognition for the
10 ASL medium data set in comparison with other optimizers for a sEMG
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Theses
1. Myogrphic measurement techniques such as surface electromyography (sEMG),
force myography (FMG) and surface electrical impedance myography (sEIM)
have, as physiological signals, a high potential for hand sign recognition with a
reduced number of sensors.
2. Extreme Learning Machine (ELM) is a classification method with reduced
calculation effort. The weight pruning reduces thereby the network size by
removing the weights, which are less participating to the classification result.
By adapted features selection, the ELM weight pruning becomes significantly
more efficient and the overall computation effort for classificatio is significantly
reduced.
3. The Grasshopper optimization method is suitable for ELM weight pruning
due to its faster convergence and reduced complexity in comparison with other
meta-heuristic methods. However, GOA have thereby two major drawbacks:
The limited population diversity and the linearity of the coefficient for the
exploitation/exploitation balancing.
4. The K-Tournament selection strategy integrated for the re-positioning process
of the grasshoppers by changing the best solution selection method into the
GOA, improves its population diversity and reduces thereby the probability of
trapping into local optima.
5. A wrapper combines a searching strategy with a classifier for an iterative evaluation of features sets to select the best subset among them. The K-Tournament
grasshopper optimization algorithm as a searching strategy combined with
ELM as a classifier in a wrapper named "K-Tournament Grasshopper Extreme
Learning Machine (KTGELM)" is able to select a reduced features subset that
allows a high classification accuracy in comparison to conventional wrappers.
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6. The K-Tournament grasshopper optimization algorithm, as an efficient solution
for feature selection, can be integrated into ELM for weight selection to the
realize the so called "K-Tournament Grasshopper Extreme Learner (KTGEL)".
The KTGEL is a new classifier able to realize a similar classification performance to that of the original ELM, but with a reduced network size, e. g. in
case of myographic based sign recognition from 3000 hidden nodes to only 1000
hidden nodes.
7. The KTGEL inherits the linear behaviour of the exploration and exploitation
of the GOA and this limits the convergence speed and leads with a higher
probability to early trapping into local optima.
8. The uniform randomization of the coefficient controlling the exploitation and
exploration balance in KTGEL is able to increase the convergence speed and
to improve the ability to avoid local optimal solutions.
9. The Random K-Tournament Grasshopper Extreme Learner (RKTGEL) performs the features selection during the training phase and do not need necessarily a previous feature selection stage to give a good accuracy for sign language
recognition based on sEMG, FMG and sEIM.
10. sEIM measured by four equidistant electrodes on the forearm in the frequency
range between 1 kHz and 4 kHz is able to recognize the American Sign Numbers from 1 to 9 collected from 10 subjects with an accuracy of 80% even
without feature selection. This accuracy improved by the RKTGEL to 94%,
outperforms the FMG in the state of the art for the same gesture set with
co-located sEMG-FMG sensors.
11. FMG with 8 sensors on wrist is more suitable for sign recognition than the
same number of sensors in forearm used in the state of the art and results a
better classification performances with 99% accuracy in this work and 80% in
the state of the art for 10 ASL hand signs collected from 5 subjects with self
produced co-localted sEMG-FMG sensors.
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12. sEMG with two sensors on the forearm is more suitable than FMG with 8
sensors on the wrist for hand sign detection with few ambiguities. However,
for a sign collection with a high level of ambiguities the FMG with 8 sensors
on the wrist is more accurate since it detect not only the muscle contractions
but also the tendon-muscle complex.
13. The reduction of involved subjects on the collection of sEMG of the same sign
set from 24 to 6 improves the total accuracy from 73.08 % to 81.98 %, thereby
the influence of the subjects’ number on the classification accuracy could be
confirmed as inverse proportional.
14. Similarities between signs in the involved fingers or dynamic performance of
signs are counted as ambiguity source for the classification methods. Small
and medium levels of ambiguities in one data set could be eliminated by signal
processing. However, for a high level of ambiguity such as 13 ambiguous signs
out of 20, the accuracy of classification is limited to approximately 74%. A
high level of accuracy can be reached by a targeted ambiguity reduction to
realize an accuracy of 97%.
15. The combination of two myographic methods, such as sEMG and FMG or
sEIM and FMG, leads to an improvement of the accuracy of recognition of
hand signs in comparison to the accuracy reached by only one method. This
is observed at different ambiguity levels resulting from similarities between
gestures or a high number of involved subjects.
16. The RKTGEL is able to perform the similar results performed e. g. by an
ELM of 3000 hidden nodes after feature selection with only 400 hidden nodes
for sign classification based on myographic methods. It is therefore suitable for
embedded wearable solutions in perspective of novel systems developments of
edge computing.
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