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Abstract 

 
A wide gap exists between clinical application results and those from laboratory observations concerning 

hand rehabilitation devices. In most instances, laboratory observations show superior outcomes the real-time 

applications demonstrate poor consequences. The robust nature of the electromyography signal and limited 

laboratory applications are the principal reasons for the gap. This thesis aims to introduce and develop a 

deep learning model that is capable of learning features from biosignals.  

 

The deep learning model is expected to tame the variable nature of the electromyography signal which will 

lead to the best available outcomes. Furthermore, the suggested deep learning scheme will be trained to be 

skilled in learning the best features that match the biosignal application regardless of the number of classes. 

Moreover, traditional feature extraction is time consuming and extremely reliant on the user’s experience 

and the application. The objective of this research is accomplished via the following four implemented 

models. 

1. Developing a deep learning model via implementing a two-stage autoencoder along with applying 

different signal representations like spectrogram, wavelet and wavelet packet to tame variations of 

the electromyography signal. Support vector machine, extreme learning machine with two activation 

functions (sigmoid and radial basis function) and softmax layer were used for classifications. 

Moreover, the classifier fusion layer achieved testing accuracy of more than 92% and training 

attained more than 98%. The same dataset was implemented for superimposed signal representations 

for two stages autoencoder and softmax layer, support vector machine, k-nearest neighbor and 

discriminant analysis for classification besides the classifier fusion which led to testing accuracy of 

more than 90%. 

2. Presenting principal component analysis and independent component analysis for feature learning 

purposes after applying different signal representations algorithms such as spectrogram, wavelet and 

wavelet packet. Discriminant analysis, extreme learning machine and support vector machine were 

used for classification. Furthermore, the two proposed models showed acceptable accuracy along 
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with shorter simulation time. The testing accuracy achieved more than 90% by implementing a 

classifier fusion layer. Manhattan index was estimated for all features and only the top 50 Manhattan 

index features were included to decrease the simulation time while attaining acceptable accuracy 

values. 

3. Introducing a self-organising map for deep learning whereby the biosignal was represented by 

spectrograms, wavelet and wavelet packet. The presented biosignal was introduced to a layer of self-

organising map then the suggested system performance was evaluated by extreme learning machine, 

self-adaptive evolutionally extreme learning machine, discriminant analysis and support vector 

machine for classification. Adding a classifier fusion layer increased the testing accuracy to 96.60% 

for ten-finger movements and 99.73% for training. The proposed system showed superior behavior 

regarding accuracy and simulation time.  

4. Presenting a deep learning model where 1) the data was augmented after representing the biosignal 

by a spectrogram, 2) the augmented signal was represented by a tensor, and finally 3) The signal 

was introduced to the two-stage autoencoder. The same dataset was used with traditional pattern 

recognition for comparison purposes. Classifier fusion layer was executed in deep learning scheme 

whereby the ten-finger movements achieved 90.25% and 87.11% attained by pattern recognition. 

Besides, the six finger movement dataset was acquired from amputee participants and accomplished 

91.85% for deep learning and reached 89.64% for traditional pattern recognition. Furthermore, 

different datasets for different applications were tested using the recommended deep learning model. 

Eventually, feeding the deep learning model with various datasets for different applications afforded 

the model with higher fidelity, combined with real outcomes and generalization.
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CHAPTER 1 

Problem background 
 

Artificial or prosthetic hands have been considered since ancient times. Prosthetic hands are currently 

based on identifying the amputee’s intent of gesture by analysing an electromyography (EMG) signal. 

Analysis of electromyography is an established field that has attracted the attention of researchers, but 

applications of hand rehabilitation in the laboratory show better results than those in actual real life. 

This was our motivation to “dig deep” to improve the performance of the artificial hand in real life 

applications by further analysing the electromyography signal. The following two sections will present 

and explain the problem, followed by our research objectives. After that, we will discuss the thesis 

findings and the organisation of the thesis. The publications that were produced will then be presented 

in the last section of this chapter. 

1.1 Background-global disability rates 
 

Disability is a human state whereby the word disability is a broad canopy that covers different 

conditions. An ailment is considered as one condition of disability where it represents the 

malfunction that may exist in any  body function or its structure. A limitation in human activity is 

another condition which signifies the difficulty that may be met by disabled individuals whereas 

participation restriction is the barrier that may be encountered by disabled individuals during their 

participation in life situations. 

Everyone is subject to becoming disabled at one stage of his/her entire life, especially older 

generations. Most families have a disabled member of their family who needs continuous care and 

support [1-3]. The World Health Organisation (WHO) released a statistic which indicated that 15% 

of world population live with some disability with 2-4% who encountered substantial functioning 

difficulties.  

In 2011, The World Health Organisation and World Bank’s World Disability Report collected 

disability prevalence data from 59 countries that focuses on functioning-related disabilities. The 
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report concluded that the occurrence of disability globally was 16% and varied from low-income 

countries with settled disability occurrence value 18% and 14% for higher income countries. Table 

1.1 summaries the disability amount in adults globally. 

Table 1. 1: International Disability Occurrence for Adults 

Data Source  International  occurrence  
World Health Surveys[4] 16%  
Global Burden of Disease Study[5] 19% 
  
The Global Burden of Disease Study published results based on a different approach to gathering 

data, which led to 19% as an international disability prevalence [4, 5]. The Washington Group 

conducted a new study with withdrawing minor and mild disability cases from their studies and 

considered only substantial disability conditions [6]. Table 1.2 shows the outcome of the 

Washington Group study. 

Table 1. 2: The Washington Group study results [6] 

Country  Data Source Year  Occurrence 
Aruba Census 2010 7% 
Israel Census 2008 6% 
Maldives Survey 2009 10% 
United States Survey 2013 10% 
Zambia Survey 2006 9% 

 

 Some studies were concerned about estimating percentages of disability in children. The 

assessment of disability in children carries higher challenges than in adults as researchers cannot 

distinguish between the natural growth delay and disability. The results vary widely depending on 

the methodology that was followed in collecting the data. The United States conducted a study that 

led to 7% disability percentage for the population who were under 18 years [7]. A more recent 

study in the United Kingdom led to 7% for the population younger than 18 years [8]. A review 

conducted in six countries showed a disability percentage range in early childhood of 5% to 12% 

[9]. These studies showed that the disability occurrence was comparable for both girls and boys 
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[5]. However, other nationwide studies showed that the prevalence of disability in boys is higher 

than girls as shown in Figure 1.1. 

 

Figure 1. 1: Disability percentage between boys and girls in four countries [10] 

Figure 1.1 indicates that in the United States, 8% of boys are disabled whereas 5% is the rate for 

girls [7]. In the United Kingdom the rate is, 9% for boys and 6% for girls [8]. In New Zealand, 

boys’ percentage was 13% and 9% for girls [10]. Moreover, Australia showed 10% for boys while 

6% for girls [11]. Table 1.3 illustrates the disability percentages globally in five countries.  

Table 1. 3: The disability percentages for children [8] 

Country Data Source  Age Rate  Disability Percentage 

Worldwide Global Burden of 
Disease Study 

0-14 5% 

Australia Survey of Disability, 
Ageing and Carers 

0-14 8% 

New Zealand National household 
surveys 

0-14 11% 

United Kingdom Blackburn et al 0-18 7% 
United States Newachek and Haflon 0-17 7% 

 

The highest percentage of disability exists in older people. According to a study in Sri Lanka, 65 

years or older represented only 7% of the overall population; however, 23% of this age group were 

disabled [4]. Whereas in Australia, older people occupied 11% from census data, but they account 

for 23% of total disabilities [4]. The percentage of disability in older people was higher in low-

income countries when compared to higher-income countries as shown in Figure 1.2 [12].  
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Figure 1. 2: Disability percentage for Low-income and high-income countries [4] 

In addition to these studies, Canada conducted a study that showed that the percentage of disabled 

people was higher in older individuals as presented in Figure 1.3 [13]. 

 

Figure 1. 3: Disability percentage by age (Canadian Study) [13] 

1.2 Hand disability  
 

Hand disability is one of the most common disability conditions around the world. Resection or 

malfunction in hand motors may be the main reason behind disability condition. Regardless of the 

cause of hand disability, the technology of rehabilitation is a very inspiring mission. The 

rehabilitation knowledge motivated the researchers to develop many leading-edge technologies. 
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An innovative artificial hand was presented in 2007 by [14]. Figure 1.4 presents a proposed 

prosthetic hand. 

 

Figure 1. 4: The suggested innovative prosthetic hand (i-limb) [14] 

The i-limb was a pioneer to provide the ability for amputee patients to perform movements like a 

natural hand in clutching objects. Kevin Englehart proposed a control system for upper limb 

prostheses by using the electromyography signals [15]. Later in 2015, the recommended artificial 

hand was available for the market [16]. The significant challenge lies in how far the artificial hand 

will be capable of understanding the patient gesture. The prosthetic hand control system is mainly 

responsible for simulating the real hand in real-time without any further time delay. Prosthetic hand 

is not the only technology, but other researchers have introduced rehabilitation techniques [17] 

whereby the hand was able only to mimic opening and closing and discarded the other gestures. 

Apparently, this rehabilitation device was for patients who suffered from a failure in their hand 

functions. The rehabilitation device depended on detecting patient gesture by translating 

electromyography, which in turn indicated the significance of electromyography pattern 

recognition. Sensing the gesture of the patient by translating the electromyography signal is a 

challenging mission. However, it still has many advantages. One of the main advantages is to 

provide a comfortable and relaxing interface between the patient and the rehabilitation device. This 

prompted researchers to dig “deeper and deeper” into the field of electromyography pattern 
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recognition. The brain usually sends signals to muscles to take an action like moving a finger. 

Researchers targeted the messages that were sent from the brain and received by the muscles, and 

trained the rehabilitation device to repeat the required action, for example, moving a finger. All the 

above-mentioned procedures should happen in real time duration without any delay. EMG 

collection is typically done by placing the electrodes on the muscles by either non-invasive 

(surface) or invasive (needle) methods. Most patients do not prefer a needle to penetrate their skin 

and reach the muscle to collect the electromyography signal and would generally prefer non-

invasive approaches. Moreover, EMG has a crosstalk that may be caused by the contribution of 

other muscles. Furthermore, electromyography is characterised by its variations. These drawbacks 

make collecting and analysing the signal a challenging task. Roche demonstrated a study that aimed 

to translate the barriers between clinic and laboratory results by collecting EMG and detect the 

patient gesture of hand intention to move [18]. The muscles that may be responsible for finger 

movement are not all located in the superficial layers as some are located in the middle and deep 

layers, which in turn adds difficulty in recording the signal. Understanding the cause of finger 

movement, either triggered by the firing of one muscle or the contribution of different muscles, is 

deemed as one of the most common challenges that investigators face in the field of rehabilitation 

devices. 

The limb movements have many actions to perform. Therefore, the rehabilitation device should be 

capable of sensing the intention of as many movements as possible. The electromyography pattern 

recognition showed better classification ability than non-pattern recognition, as it was able to trace 

greater activities by limbs. The electromyography pattern recognition was started by Uchida and 

others by extracting features from two-channel electromyography signals by implementing fast 

Fourier Transform (FFT). Uchida had only five-finger movements and applied feed forward neural 

networks for classification which led to 86% testing accuracy [19]. This accuracy value was 

accepted at that time. However, the time consumed to build the neural network architecture was 

the main advantage associated with this approach. Tsenov and his team achieved an enhancement 

to the Uchida methodology by collecting two-channel electromyography and extracted time 

domain features where classification was executed by implementing Multilayer perceptron (MLP). 
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The testing accuracy reached 93% for two-channel and 98% for four-channel electromyography 

signal. Cipriani et al. collected nine channel electromyography signals from healthy and five 

amputee participants and extracted time domain (TD) features. They implemented k nearest 

neighbour (KNN) for classifying seven finger movements. The accuracy was only 79% for 

amputee participants while it reached 89% for healthy ones. Despite the low accuracy values, the 

system delay was 50ms for online data. Support vector machine (SVM) is a robust classifier that 

showed high classification ability. Khushaba and Oskoei used support vector machine as a 

classifier [20, 21]. Khushaba et al. extracted time domain and autoregressive (AR) features and 

used linear discriminant analysis (LDA) to reduce features. The results achieved 90% accuracy for 

online classification and 92% offline. Al-Timemy recorded six-channel EMG signals from six 

amputee subjects and ten healthy participants to classify twelve to fifteen finger movements [22]. 

The finger movements were both single and combined actions. He extracted time domain and 

autoregressive features and reduced the features by utilising orthogonal fuzzy neighbourhood 

discriminant analysis (OFNDA)  [23] with linear discriminant analysis as a classifier. The proposed 

model achieved 98% accuracy for healthy subjects and 90% for amputees. Despite these promising 

achievements that were verified in the laboratory, results for real-time applications were relatively 

low. The main explanation for these differences is that in real applications, the subjects need to 

perform a large number of movement whereas in the laboratory only a few activities are tested 

[24]. Moreover, the nature of EMG is variable in the clinical domain [18].  

1.3 Summary of challenges 
 

Devices for hand rehabilitation can be divided into two categories: prosthetic or exoskeleton hands. 

The prosthetic controller is typically implemented by myoelectric pattern recognition. The gap 

between the accuracy values for amputee subjects and healthy participants is variable according to 

Al-Timemy [22] whereas the gap is reduced based on Tenore [25]. Hargrove authorised the 

retrogression between amputee and healthy subjects to the classifier implemented and features 

extracted. Most of the studies collect EMG signal by using two channel, which provides lower 

signal details than using a higher number of channels. Khushaba et al. presented a model with a 
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recorded two-channel EMG signal to classify ten finger movements with 92% as offline accuracy 

and 89% for online [20]. Aside from robustness and a limited number of finger movements that 

are usually examined in the laboratory compared to the unlimited number of activities in real-time 

applications. The EMG signal is also susceptible to the placement and allocation of the electrodes 

on the skin. Young advised that shifting the electrode position by only 2 cm caused a deterioration 

in the performance by 25-30% [26]. Further, the setup of the experiment and surrounding 

circumstances could affect the results, which in turn bring the concerns about how far myoelectric 

pattern recognition can be adapted with changes that may occur to the EMG. 

In contrast, exoskeleton hands are very primitive as they typically can close or open only. Wege 

implemented a model from ten electromyography channel data that should be able to introduce 

more movements to the exoskeleton hand but unfortunately, this model did not show any successful 

performance [27]. 

1.4 Objectives 
 

As was mentioned in the previous sections, there are many problems surrounding collection and 

analysis of electromyography signals, however, we believe that reliable signal analysis will lead to 

a convenient and reliable rehabilitation device that should be capable of satisfying patients' needs. 

In this research, we are interested in the development and enhancement of signal representation, 

features extraction and feature learning. We believe that signal representation and best features 

extracted or learnt will lead to high accuracy values.  

 

The objectives of this research are listed as follows: 

a. Introduce powerful signal representation techniques. 

b. Investigate feature extraction and feature learning systems, and apply them to biomedical data.  

c. Develop a novel deep learning system that should be capable of learning features by self-learning, 

and apply different classification techniques to best classify ten finger movements from only 

 two-channel EMG. 
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d. Develop a deep learning approach that should be able to classify the signal independent of the 

application for either finger movements or other biomedical data. 

e. Develop an augmentation technique along with tensor representation before introducing the 

biomedical data to the deep layer of feature learning and optimising our classification 

methodologies.  

f. Develop a reliable pattern recognition system to deliver high performance for both amputees and 

non-amputees. 

1.5 Contribution to the doctoral thesis  
 

This thesis is interested in implementing deep learning, which incorporates serveral feature 

learning concepts. The main objective of this dissertation is to develop a deep learning model with 

a robust or variable signal representation technique and powerful classification layer. It will 

combine a middle-deep neural network layer that is trained on learning features by itself without 

any human intervention in selecting the features that best match the application. To achieve the 

recommended model we verified different enhancements in the field of feature learning. 

 The first attempt to develop a self-learning model with a robust signal representation 

technique was utilises independent component analysis (ICA) as a feature learning 

technique with applying different signal representations algorithms (spectrogram, wavelet 

and wavelet packet). The performance of the suggested scheme will be evaluated by 

applying different classifiers such as Support Vector Machine, Extreme Learning Machine 

and Discriminant Analysis. Moreover, to improve these results, a classifier fusion layer 

will be implemented to select the most accurate result for both training and testing datasets. 

Classifier fusion layer resulted in a promising training and testing accuracies. Data from 

our laboratory showed that the training accuracy was more than 98% whereas testing was 

more than 86%. Moreover, the sequential feature selection technique was applied to the 

same dataset. The selected features were further reduced, and the model performance was 

evaluated by holdout and cross-validation. The cross-validation missclassification error 

for a limited number of features was less than 1%. The data were recorded using two- 
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channel EMG to classify ten finger movements. Further details and explanation for these 

results will be mentioned in Chapter 5. This paper was presented at 5th International 

Conference on Electronic Devices, Systems and Applications (ICEDSA) 2016 and 

published in IEEE under title “ICA based feature learning and feature selection”. 

 The second attempt was introducing principal component analysis (PCA) as a feature 

learning layer for the same data set. The biosignal was robustly represented and well 

prepared before being introduced to feature learning layer. Support vector machine, 

extreme learning machine and discriminant analysis were used as classifiers and classifier 

fusion technique was used to enhance the proposed model performance. The number of 

features was reduced by estimating the highest Manhattan index. PCA showed better 

performance than ICA as training accuracy was more than 98% and testing achieved values 

higher than 90% for classifying ten finger movements. More details and explanation for 

these findings will be mentioned in Chapter 5. This paper was presented at 8th Cairo 

International Biomedical Engineering Conference (CIBEC), 2016 and published in IEEE 

under the title “PCA indexing based feature learning and feature selection”. 

 The third attempt was implementing a self-organising map neural network as a feature 

learning layer. The biosignal was well prepared to be presented to the feature learning 

layer. Evolutionally extreme learning machine was well explained and analysed and 

utilised as a classifier technique besides traditional extreme learning machine, support 

vector machine and discriminant analysis. The confidence interval for these mentioned 

classifiers was estimated with a confidence score of 60% and analysis of variance 

(ANOVA) was evaluated. The implementation of a classifier fusion layer promoted the 

accuracy values for training accuracy to higher than 99.5%, and for testing, to 96.6%. This 

journal paper will be explained and demonstrated in details in chapter 6, and it was 

published in Advances in Science, Technology and Engineering Systems Journal 

(ASTESJ) with title “Self-Organizing Map based Feature Learning in Bio-Signal 

Processing”. 
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 Two stage of autoencoder results were utilised for feature learning. The same efficient 

signal representation algorithms were used in this paper. Softmax layer, extreme learning 

machine and support vector machine were used as classifiers. In this model, different 

activation functions for extreme learning machine were presented as sigmoid, radial basis 

function. Moreover, the rectified linear unit (ReLU) was designed as an activation 

function. The ReLU with activation function showed better classification ability when 

compared to the sigmoid approach. Both ANOVA and confidence interval was valued for 

all classifiers with a confidence score of 60%. Classifier fusion layer brought promising 

results for our proposed model as the training accuracy was higher than 98.5% and testing 

was greater than 92%. Further details and clarifications will be explained in Chapter 4. 

This paper was submitted in Advances in Science, Technology and Engineering Systems 

Journal (ASTESJ). In addition to the above-mentioned approach, the same configuration 

of the autoencoder was recalled while the biosignal representation with the combination 

of spectrogram, wavelet and wavelet packet approaches. Softmax, k-nearest neighbour, 

discriminant analysis and support vector machine were applied for classification. Classifier 

fusion layer was used based on best local classifier methodology. The window size values 

were inspected to select the best value that led to the highest accuracy values. The training 

accuracy was above 98%, and testing achieved almost 91% with a window size of 

200msec. Further explanation will be discussed in Chapter 4. This paper was presented in 

The First MoHESR and HCED Iraqi Scholars Conference in Australasia 2017 with title 

“Superimposed Signal Representation for Deep Learning in Biosignal Processing”. 

 Given the focus on signal representation, we suggested a scheme that should be applicable 

to any bio signal regardless of the application. To our knowledge, with rich data in terms 

of size and number of channels, the accuracy value is likely to be higher. Based on this 

information, a data augmentation technique was introduced to our spectrogram represented 

raw biosignal. The data augmentation followed Gaussian theory. After that, the augmented 

data were fed to a tensor layer to add more degrees of freedom to our data. Then the data 

were presented to the two-layer autoencoder, and softmax layer, extreme learning machine 
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and support vector machine were applied for classification. Furthermore, classifier fusion 

was executed to develop the results. This model was applied on different biosignal 

applications similar to the collected data for ten-finger movements. The same pattern with 

the same configuration was applied on  Iris, Breast Cancer, Seeds, Sonar, Mines vs. Rocks 

and Indian Liver Patient Dataset. Moreover, the recommended system was executed on 

data collected from nine amputee participants with eight channel EMG. The model using 

different data sets achieved accuracy of 98.5% for testing. The main advantage of this 

model was that it could be considered reliable and any biosignal application could be 

executed. More descriptions and details will be clarified in Chapter 7. 

1.6 Organization of the thesis  
 

 This thesis contains eight chapters and references. The chapters are organised as follows: 

i. Chapter 1 Introduction 

ii. Chapter 2 Literature review 

iii. Chapter 3 Methods for feature learning, deep learning techniques and signal representation 

methods 

iv. Chapter 4 Autoencoder model implementation for deep learning 

v. Chapter 5 Implementation of PCA and ICA for feature learning  

vi. Chapter 6 The utilisation of self-organising neural networks for deep learning  

vii. Chapter 7 Powerful signal representation techniques combined with deep neural networks 

viii. Chapter 8 Thesis summary, conclusion and recommendations for future work 

  
1.7 Publications outcome of the doctoral research 
 

The publications during my doctoral research are as follows: 
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Submitted Journal 

 Marwa Farouk Ibrahim Ibrahim, Mohammad Omar Wedyan, Adel Ali Al-Jumaily “Bio 

signal Data Augmentation and Tensor Representation for Surface Electromyography Deep 

Learning”, Biomedical Signal Processing and Control, ELSEVIER Journal. 

Published Journal 

 Marwa Farouk Ibrahim Ibrahim, Adel Ali Al-Jumaily “Self-Organizing Map based Feature 

Learning in Bio-Signal Processing”, Advances in Science, Technology and Engineering 

Systems Journal (ASTESJ), Volume 2, Issue 3, Page No 505-512. 

 Marwa Farouk Ibrahim Ibrahim, Adel Ali Al-Jumaily “Auto-Encoder based Deep Learning 

for Surface Electromyography Signal Processing”, Advances in Science, Technology and 

Engineering Systems Journal (ASTESJ). 

Published Conferences 

 Marwa Farouk Ibrahim Ibrahim, Adel Ali Al-Jumaily (6-8 Dec. 2016). “ICA based feature 

learning and feature selection”. Paper presented at 5th International Conference on Electronic 

Devices, Systems and Applications (ICEDSA),   Ras Al Khaimah, United Arab Emirates and 

published at IEEE. 

 Marwa Farouk Ibrahim Ibrahim, Adel Ali Al-Jumaily (15-17 Dec. 2016). “PCA indexing 

based feature learning and feature selection”. Paper presented at 8th Cairo International 

Biomedical Engineering Conference (CIBEC),   Cairo, Egypt and published at IEEE. 

 Marwa Farouk Ibrahim Ibrahim, Sahar Adil Abboud, Adel Ali Al-Jumaily (5-6 Dec. 2017). 

“Superimposed Signal Representation for Deep Learning in Biosignal Processing”. Paper 

presented at The First MoHESR and HCED Iraqi Scholars Conference in Australasia,   

Melbourne, Australia. 

 

 



-14- 
 

CHAPTER 2 

Literature review 
 

This chapter demonstrates a review on hand anatomy and recognizes the assembly of the hand 

that any rehabilitation device should be adaptable to it. Moreover, biosignals’ characteristics 

will be illustrated while focusing on electromyography one.  Furthermore, the previous work 

and contributions that have been done in the field of finger movement will be presented. Later, 

an overview of feature selection techniques, methods, and give a brief on favorite features and 

its types like time domain, frequency domain will be explained. Finally, the results of different 

feature selection algorithm with different classifiers will be compared.  

2.1 Hand Anatomy 
 

In this section, the hand dissection will be demonstrated in detail. Hand anatomy is required, in 

this study, as every motion is resulted from the cooperation of each hand element. The hand 

anatomy is very sophisticated and is needed for the proper design of rehabilitation devices. 

Some scholars consider human hand to consist of four fingers and thumb [28] while others 

scholars consider it to consist of five fingers [29]. The main elements of the hand are: bones, 

Skin, nails, palmar fascia and deep compartments, nerves, muscles and tendons, joints, blood 

Supply and pulley.  

2.1.1 Bones 

The hand contains 27 bones excluding the sesamoid bone [30]. The hand bones have 

three sets. The first is the set of carpals, the second is the set of metacarpals, and the 

third is the phalanges. Figure 2.1 shows the groups of bones in the hand. Hand has eight 

carpal bones and five metacarpals [31]. The bone of the wrist is believed to be the most 

complicated joint in the human body. The wrist has eight carpal bones, which are 

divided into two sets with limited motion between those two groups. Figure 2.2 

displays a dorsal view of the hand bones while Figure 2.3 presents a palmar view. 
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Figure 2. 1: Bones groups in hand [31] 

 

 

Figure 2. 2: Hand Bones dorsal view [31] 

 

 

        Figure 2. 3: Hand Bones Palmar view [31] 
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In Figure 2.2 and 2.3 Bone 1 represents the radius, Bone 2 is the ulna, Bone 3 denotes the 

scaphoid, Bone 4 designates the lunate. Whereas bone 5 indicates the triquetral, bone 6 signifies 

the pisiform, bone 7 specifies the trapezium, bone 8 assigns the trapezoid. In addition, bone 9 

shows the capitate, bone 10 demonstrates the hamate, bone 11 illustrates the metacarpal, bone 

12 clarifies proximal phalanx, bone 13 displays middle phalanx and bone 14 indicates the distal 

phalanx. The two sets of wrist bones are estimated from radial to ulnar. The proximal row 

involves the scaphoid, lunate, triquetrum, and pisiform bones whereas the distal row includes 

the trapezium, trapezoid, capitate, and hamate bones. The Pisiform bone is the only bone that 

not does contribute to wrist movement whereas all other carpal bones join in the contribution 

to any function for the wrist. The pisiform is defined as the sesamoid bone that the flexor carpi 

ulnaris tendon passes through. The scaphoid acts as the connection between the two groups of 

wrist bones, which in turn make it frequently subject to breakage. The distal row of wrist bones 

is firmly joined to the base of the second and third metacarpals. This stable unit acts as a 

reference to the other moving units. The flexor retinaculum makes the surface of the carpal 

tunnel. The flexor retinaculum is joined to the trapezium radially, the scaphoid, the hook of 

hamate ulnarly and the pisiform. Every finger has one metacarpal bone, so each hand has five 

metacarpal bones. Each metacarpal bone has a head, a neck, a base, and a shaft. The thumb 

metacarpal bone is the most movable and shortest bone [32]. The thumb metacarpal bone 

articulates with the trapezium while the four metacarpal bones articulate with the hamate, the 

capitate and the trapezoid at the base. The head of Metacarpal bone for each finger is muscularly 

joined to with the proximal phalanges. The hand encloses 14 phalanges. Each finger has three 

phalanges (proximal, middle, and distal) whereas the thumb has only two phalanges. All of the 

bones mentioned above form the radicle of the hand and its fingers [33].  

 2.1.2 Skin 

The skin is the external layer that covers the surface of the hands. However, the skin 

that covers the palm is entirely different from the skin that covers the dorsum as shown 

in Figure 2.4. In Figure 2.4, Number 1 represents the extensor retinaculum, Number 2 
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denotes the flexor retinaculum, Number 3 indicates the head of the metacarpals, 

Number 4 designates the ulnar artery, Number 5 signifies the radial artery, Number 6 

specifies the depth of palmar arch and Number 7 illustrates the deepth of superficial 

palmar arch.  

 

                       Figure 2. 4: Hand skin for palm and dorsum [31] 

The hand palmar skin is exceptional as it has many functions. The palmar skin is thick, 

bald and not as flexible as dorsal hand skin. The hand palmar skin is connected to the 

fascia via several vertical fibres. The characteristics of hand palm skin allow for a 

proper grip.  

 2.1.3 Nerves 

Three nerves support the hand; the median, ulnar, and radial nerve. Each of these nerves 

consists of sensor and motor components. The hand nerves are different from the 

traditional nerves [34]. The forearm skin is supported, in a median manner, by the 

medial antebrachial cutaneous nerve and horizontally by the lateral antebrachial 

cutaneous nerve.  

 

2.1.3A Median Nerve 
The median nerve is responsible for controlling the muscles used in the gripping 

functions of the hand. The median nerve is located in the horizontal and medial cords 
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of the brachial plexus (C5-T1). The branches of the motor control the flexor digitorum 

superficialis, flexor carpi radialis, pronator teres and palmaris longus muscles in the 

forearm. The anterior interosseous branch controls the pronator quadratus, flexor 

pollicis longus, and flexor digitorum profundus muscles, which move the index and 

long fingers. A sensation at the thenar eminence is supplied by the palmar cutaneous 

branch which is the closest to the wrist. 

The thenar muscles (superficial head of flexor pollicis brevis, abductor pollicis brevis, 

and opponens pollicis) are controlled by the recurrent motor branch as the median nerve 

goes along the carpal tunnel. Sensation is granted by digital sensory branches to the 

long, index, thumb, and radial side of the ring finger.  

2.1.3B Ulnar Nerve 
The ulnar support the muscles that are responsible for strong clenching of the hand. It 

is located at the horizontal cord of the brachial plexus (C8-T1). The motor branches of 

ulnar nerve controls both the flexor digitorum profundus and the flexor carpi ulnaris 

muscles of the small and ring fingers. Sensation at the hypothenar eminence is provided 

by the palmar cutaneous branch. The ulnar nerve grants sensation, located at the dorsum 

of the hand, to part of the ring finger and small finger via the dorsal branch. The dorsal 

branch is a branch from the main trunk positioned the distant forearm. Sensation is 

provided to both ulnar of the ring and small fingers by the digital nerves. 

Both the ulnar artery and the deep motor branch go along the Guyon canal. The hand 

deep motor is essential and has the main function as its controls the hypothenar 

muscles. 

2.1.3C Radial Nerve 
The radial nerve controls the extenders of the wrist which in turn positions and 

stabilizes the hand. The radial nerve is located at the cord of the brachial plexus (C6-

8). The radial motor branch controls both the extensor carpi radialis longus and 

brachioradialis muscles at the elbow. As it is the closest nerve to the forearm, the radial 
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nerve is categorised into deep and superficial branches. The deep branch controls all 

the muscles located in the extender section. 

2.1.4 Muscles and Tendons 

Hand muscles are classified into intrinsic and extrinsic classes. The intrinsic muscles 

are substantial ones and are positioned in the hand while the extrinsic ones are existing 

nearby the forearm and introduced to the skeleton of the hand through long tendons 

[35].  

2.1.4A Extrinsic extensors 
All of the extensor muscles are believed to be extrinsic excluding the interosseous-

lumbrical complex. The interosseous-lumbrical complex is engaged in interphalangeal 

joint extension. The radial nerve supports the extrinsic extensor muscles entirely. The 

extrinsic extensor muscles contain a significant combination of digit and thumb 

extensors as well as three wrist extensors [36]. The extensor carpi radialis longus 

(ECRL) moves the wrist in a radial fashion whereas the extensor carpi ulnaris (ECU) 

moves in an ulnar one. The extensor carpi radialis brevis (ECRB) along with the 

extensor carpi ulnaris and the extensor carpi radialis longus are representing the prime 

wrist extensors. The ECRB is positioned in the third metacarpal, the ECRL is located 

in the second metacarpal, and the ECU is situated in the fifth metacarpal.  

The extensor digiti minimi, extensor indicis proprius, and extensor digitorum 

communis expand the fingers. Those three extensors are located at the bases of the 

medium phalanges as principal sliding bonds and the distal phalanges as side bonds. 

The extensor pollicis longus, abductor pollicis longus and extensor pollicis brevis 

extend the thumb. The thumb extensors are attached to the basis of the thumb 

metacarpal, aftermost and distant phalanx. The extensor retinaculum prohibits the 

tendons from strangling at the wrist and detaches them into six units. The extensor 

digitorum communis is a sequence of tendons attached to each finger through a shared 

muscle belly, along with inter tendinous bridges among them. The extensors for the 
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small and index fingers are both independent. The index extensor is the extensor indicis 

proprius, whereas the small finger extensor is the extensor digiti minimi.  

2.1.4B Extrinsic flexors 
The extrinsic flexors have three wrist flexors along with a considerable combination of 

thumb and finger flexors. The median nerve controls all these flexors excluding the 

flexor digitorum profundus and the flexor carpi ulnaris (FCU). These are attached to 

the ring, and ulnar nerve supports the small finger.  

The flexor carpi ulnaris, flexor carpi radialis and palmaris longus form the significant 

flexors in the wrist although the palmaris longus is not present in 15% of individuals 

[37]. The palmaris longus is attached to the palmar fascia whereas the flexor carpi 

radialis is connected to the base of the third metacarpal and the flexor carpi ulnaris is 

linked to the base of the fifth metacarpal. The flexors are classed as either surface or 

profound. The flexors and the flexor pollicis longus move across the carpal tunnel to 

flex at the interphalangeal joints. The flexor pollicis longus is connected to the distant 

thumb phalanx. The surface tendons of the flexor digitorum are located volar to the 

profundus tendon. The superficial tendons divide close to the phalanx and bond away 

from the profundus tendon to attach to the middle phalanx. 

2.1.4C Intrinsics 
The intrinsic muscles are located entirely within the hand and are categorised into four 

sets: the interossei, lumbrical, hypothenar and thenar muscles. 

The interossei set has three palmar muscles and four abaxial ones, all controlled by the 

ulnar nerve. They start at the metacarpals and shape the horizontal bonds with the 

lumbricals. The dorsal interossei supports the fingers whereas the abaxial interossei 

ranges from the fingers to the palm centreline. 

The lumbrical set contributes to the extension of the interphalangeal joints and flexion 

of the metacarpophalangeal joints. They emanate from the flexor digitorum profundus 

tendons of the hand and attach to the radial side of the extensor tendons of the fingers. 
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The median nerve supports the long finger and index lumbricals whereas the ulnar 

nerve supplies the ring and small finger lumbricals [38].  

The hypothenar muscles comprise of the opponens digiti minimi, abductor digiti 

minimi, flexor digiti minimi and palmaris brevis, which are controlled by the ulnar 

nerve. This set of muscles are connected to the carpal bones and the flexor retinaculum 

and are inseted in the base of the small finger proximal phalanx. 

The thenar set has the adductor pollicis, flexor pollicis brevis, opponens pollicis and 

abductor pollicis brevis muscles. The median nerve controls the abductor pollicis brevis 

and the opponens pollicis whereas the ulnar nerve controls the adductor pollicis and 

the flexor pollicis brevis.  

2.1.5 Joints 

The joint of the wrist is very complicated as it is multi-hinge one. It permits a wide 

range of movements. The distant radioulnar joint permits palm pronation and 

supination as the radius turns around the ulna. The radiocarpal joint comprises of the 

distant radius and the proximal carpal bones. Both the ulna and the radius articulates 

with the proximal row of carpals to control both ulnar and radial deviation along with 

flexion and extensions. The radius and ulna produce an external set of powerful volar 

bonds to control this joint. The dorsal radiocarpal and intercarpal bonds support the 

joint.  

The movement between carpal bones is confined at the intercarpal joints. Robust 

inherent bonds reinforce the intercarpal joints. The lunotriquetral and the scapholunate 

bonds are the most significant ones at the intercarpal joints. Any interruption or break 

that may happen to either of these bonds will lead to unreliability in the wrist. The distal 

carpal bones and the proximal carpal bones shape the smaller and larger arc 

respectively. The metacarpals are forming joints with the four distal carpal bones at the 

carpometacarpal (CMC) Joints. The headmost CMC joint composes the motion unit 

while both second and third CMC joints shape the stationary one. The collateral bonds 
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restrict the horizontal movement. This configuration and organisation of the bonds 

grants bonds close fitting during joint tightness and free ones during joint expansion. 

The palmar plate provides the hyperextension. The palmar plate is one of the parts that 

composes the joint capsule and fastens to the proximal phalanx. The palmar plate, at 

the interphalangeal joints, restricts the expansion. The palmar plate fastens to both 

surfaces of the joint. The collateral bonds limit the ulnar and radial movement as it 

becomes taut during those gestures.  

 

2.2 Biosignals 
 

A Biosignal is believed to be any signal that can be recorded from living organisms. The 

expression biosignal can be called on both electrical and non-electrical signal. The biosignal is 

characterised by being stochastic and time-varying. The electrical biosignal is defined by the 

potential difference that is produced across any living organism tissue, organ or cell. The most 

popular biosignal are as follow: 

Electromyogram (EMG), Electroencephalogram (EEG), Electrocardiogram (ECG), 

Electrooculography (EOG), Galvanic skin response (GSR), Magnetoencephalogram (MEG) 

and Mechanomyogram (MMG).  

EMGs, EEGs, ECGs and EOGs are measured across the potential difference between two poles 

of electrodes using either an invasive or non-invasive method. GSR or Electrodermal activity 

(EDA) measures the electrical resistance of the skin in response to any variation. Whereas MEG 

measures the magnetic field that is produced by brain natural electrical activity. A collection of 

biosignals may be collected by invasive or non-invasive methods, nevertheless other remote 

technologies were introduced and utilised [39-43]. In this thesis, the electromyography surface 

signal will be further analysed and applied therefore a useful background on EMG signal will 

be presented. 
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2.2A Electromyography 

Electromyography is the biosignal that is collected and recorded from the electrical 

activity of the skeletal muscles [44]. The electromyography signal is generated when 

the cell of the muscle is activated or stimulated which in turn causes muscle contraction 

and potential differences that can be detected by surface electrodes or invasive needles 

[45]. So in other words, the electromyography signal emanates from the change that 

may occur in the membrane of the muscle fibre [46]. In another word, the EMG is the 

sum of excitation signals from many muscle fibres. The signal is sometimes called a 

myoelectric signal (MES) or an electromyogram (EMG) [47]. Figure 2.5 shows the 

EMG signal pattern. 

 

 

Figure 2. 5: EMG signal pattern [48] 

It is clear from figure 2.5 that the electromyography signal is of a stochastic or random 

nature. The level of the signal varies from zero to 1.5mv as a root mean square value 

or from zero to 10mv (-5 mv to +5 mv) as a peak to peak. The electromyography 

resembles any other electrical signal regarding its susceptibility to noise. The main 

frequency power range is located from 20 to 150 Hz whereas the electromyography 

signal ranges from 6 to 500 Hz [49]. Figure 2.6 exhibits the EMG signal pattern and its 

power. 
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                                      Figure 2. 6: EMG signal pattern in black and its energy in red [49] 

The motor unit represents the body of the cell with its branched extension of a nerve 

cell (dendrites); it includes several muscle branches with the innervating muscle fibre. 

All the muscle fibres behave as one unit while supplying any organ with nerves or 

innervation procedure, that is why the expression unit is called motor unit [50]. In 

another word, a motor unit is a group of muscle fibres innervated by a single motor 

neuron. The number of motor units per muscle may vary widely from hundreds to 

thousands depending on the muscle as the muscle may be a small hand muscle or a 

large limb one [51].  Figure 2.7 represents the motor unit. 

 

               Figure 2. 7: Motor unit [48] 
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The muscle has a resting potential that is generally from -80 or -90 mv. This value 

represents the muscle under rest: no contraction or tension. The potential difference 

describes the voltage difference between the intracell and the outer surface. The resting 

potential difference may increase by applying any activation or stimulation to the 

muscle through a depolarisation procedure. However, activation may not occur when 

stimulating the muscle membrane with a value less than the threshold. The muscle will 

be activated for a duration of time and then return to its resting potential by a 

repolarisation process. A semi-permeable membrane as shown in Figure 2.8 can model 

the resting potential, depolarisation, and repolarisation activities. 

 

                        Figure 2. 8: Depolarisation and polarisation of muscle membrane excitation 

[48] 

 

The  inflow increases until reaching a certain threshold value at which the 

depolarisation starts to occur. The depolarisation results in a potential change from -80 

or -90 mv to +30 mv for a specific duration which is known as action potential. Then a 

repolarisation process will restore the rest potential to establish after a 

hyperpolarisation interval. Figure 2.9 clarifies the action potential method. 
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                   Figure 2. 9: The Action potential [48] 

The studies show that the action potential for all motor units is the superposition of 

each motor unit individually, which generates a symmetric electromyography signal 

around the zero. Therefore, the amplitude of the signal in the positive section is 

identical to that in the negative one. Figure 2.10 displays the summation of each motor 

unit action potential.  

 

           Figure 2. 10: The superimposition of motor unit action potential [48] 

Both the firing frequency and the recruitment of the motor unit control the density and 

the magnitude of the resultant electromyography signal. The human skin behaves as a 

filter, so the recorded signal is not equal to the original one, but it acts as a 

representative of it. Figure 2.11 exhibits the firing frequency and recruitment of 

multiple motor unit. 
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              Figure 2. 11: The superimposition of multiple motor unit with different firing 

frequencies [48] 

 
 

The electromyography can be represented as shown in figure 2.12.  
 

 

                Figure 2. 12: The raw EMG for three contractions recorded from the biceps 

brachii muscle [48] 

As shown in figure 2.12, three contractions perform the EMG signal of the biceps 

brachii muscle. The signal amplitude is in millivolts and is symmetric around the 

baseline. The signal has rest periods representing the nonactivational duration of the 

muscles (where the muscles were in rest), whereas the three contraction bursts describe 

the activation of the muscles. Each burst has spikes during the activation of the muscle. 

The baseline represents the muscle during relaxation where no contraction exists. The 

baseline can be clean or noisy, this mainly depends on the quality of the collecting 

electrodes, the quality and reliability of the used amplifiers and the environment if it is 

noisy or not.  
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The average noise level should vary between 3 to 5 microvolts when hiring an 

innovative amplifier with a proper skin cleaning and preparation while utilising high-

quality electrodes.  

2.2A.A Electromyography skin preparation 
The placement of non-polarizable electrodes, proper skin cleaning, and preparation are 

the main aspects that may lead to reliable EMG signal. The cutting-edge technology of 

EMG amplifiers released amplifiers, which were prepared for skin impedance between 

electrodes range from 5 to 50k ohm. Removing any extra hair is an essential step in 

preparing the skin as it helps in adhering the electrodes, particularly in a humid 

environment or for perspiring skin. Moreover, cleaning the skin is an essential move 

towards acquiring a reliable, accurate EMG signal. Many methods could be applied to 

lead to a clean skin. The first method is using paste to remove any dead skin, 

accumulated dirt, or moisture on the skin. The second favorite method is to apply 

sandpaper with gentle rubbing, as harsh rubbing will cause skin irritation. Alcohol 

cleaning pads should be used alongside the sandpaper. The third method is employing 

pure alcohol along with a cotton towel and rubbing gently to avoid skin inflammation. 

As mentioned above, EMG recording may be accomplished via invasive or non-

invasive (using surface electrodes) methods [52]. Surface methods are more 

comfortable to the patient as no needle or wire penetrates the patient’s skin. The only 

drawback of the surface electrodes is that they can only be used for surface muscles 

and not deeper ones. Two types of electrodes are currently sold on the market. The top 

one is a wet gel electrode which has a thin layer of gel added. The wet gel type is 

recommended as it guarantees no sanitary issues that may arise from implementing 

these disposable electrodes. Additionally, it provides a low impedance contact. The 

other type is an adhesive gel electrode, which is superior only in case of allocating 

electrode in the wrong position as it can be repositioned. However, both kinds are 

disposable as they are strictly for one person only.  
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2.2A.B Electromyography signal detection 
There is no practical difference between the control system for invasive and non-

invasive signal collection methods. Figure 2.13 describes how the EMG signal is 

generated from motor units that in turn contribute to superimpose each motor unit 

segment to produce the last electromyography signal. 

 

                         Figure 2. 13: The production and recording of EMG [18] 

Figure 2.14 illustrates the procedures for EMG data acquisition. The motor unit is 

acting as the source of any EMG signal where the action potential is activated through 

muscle contraction. The measuring electrodes read the superimposed signal for all 

activities [53].  

 

 

                      Figure 2. 14: EMG Recording stages and tools [53] 
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As it is clear from figure 2.14 that the noise may be added to the signal in more than 

one stage. We aim to collect EMG signal without noise, or with minimal noise and 

mostly information. The noise could be acquired from the skin, electrodes, cables, 

amplifiers and the surrounding environment. Applying differential amplifier clue, with 

high common mode rejection ratio to suppress the noise, amplify the difference signal 

and expel any common one, which in turn reduce the noise level accumulated on the 

original signal. Furthermore, concerning on the design of high-quality electronic 

devices, including the power cables, will have an important impact on reducing the 

level of noise into a minimum. 

2.2A.C Factors affecting EMG signal 
Many factors may affect the recorded EMG signal, like the characteristics of the subject 

tissue. The human body by itself is conductive, however; its conductivity is profoundly 

affected by the tissue kind, its thickness and temperature. Crosstalk from neighbouring 

muscles may cause interference with the targeted signal. As for example, collecting the 

electromyography signal of the shoulder’s muscles attracts the EGG signal to intervene 

with the electromyography signal spikes precisely as shown in figure 2.15. As it is clear 

from figure 2.15, we have a consistent EMG signal with a massive interfering EGG 

signal in the middle of the band, and with a comparable magnitude to that for the EMG 

signal. Moreover, any movement in the electrode allocation will have its adverse 

impact on the detected signal. Noise from either the skin, electrodes, or amplifier 

(including all the electrical cables) should be reduced to a minimum to acquire a 

reliable signal. 
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                     Figure 2. 15: EGG interference with EMG [48] 

2.2A.D Benefits of EMG signal 
The EMG has many benefits and advantages in different fields. In addition to the 

medical importance of the electromyography signal, it may also be beneficial in the 

field of rehabilitation, research, sports, and any dealings between humans and their 

surrounding working or industrial environment. The EMG signal gives us the 

opportunity to read the muscle performance, analyse and evaluate it. It helps physicians 

make decisions before or post-surgery. In addition, it prevents risk either in sports or 

in working environments. Figure 2.16 explains the different applications areas for 

electromyography.  

 

 

Figure 2. 16: EMG different applications areas 

 2.3 Finger Movement Classification 
 

Many scholars and researchers suggested models that were capable of classifying finger 

movements by using biosignals or other methodologies. The purpose of precisely classifying 

finger movements was to predict the intention of the finger to movement and translate hand 

gestures accurately. This proper understanding and translation give the opportunity to develop 

more advanced rehabilitation devices. These state of the art rehabilitation devices will in return 

allow a higher rate of healing for patients. The proposed finger movements and hand gesture 

classification models will be presented in this section. 

Researchers used Electrocorticographic (ECOG) signal to classify five finger movements [54]. 

The authors recruited six subjects to collect ECOG signals from, and classified five-finger 

movements: thumb, fore, mid, ring, and little. The authors used an 8x8 platinum electrode array 
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with only a 1 cm gap between each electrode. Each finger movement was repeated for only two 

seconds and with break intervals.  The Electrocorticographic signal is collected from the brain 

and is usually used to determine the patients with intractable epilepsy. The concept of using 

ECOG rather than Electroencephalographic (EEG) was based on the results that were 

concluded from [55] which stated that the ECOG signal contained more information in the 

higher frequency band than those available in the EEG. Moreover, the power stored in the high-

frequency band showed a distinguished stimulation pattern for different sections of the body 

[56]. The authors used the same features that had been implemented before in a previous study 

conducted on tongue movements [57]. Also, the scholars concluded that the ECOG signal could 

be classified more precisely than EEG while using lower training data. The authors divided the 

collected signal into three bands: low, mid, and high-frequency bands. The low band range was 

11–40Hz, whereas the mid band was 71–100Hz and the high band range was 101–150Hz. 

Another study paid attention to the visibility of implementing the high-frequency band spectral 

power features [58]. The investigators utilised two feature selection strategies. The first one 

was targeting the three power bands and deduced that, the mid-power and high-power band 

features led to better and distinct features than the low band. Whereas the second strategy was 

the active feature selection strategy suggested in [59]. The concept of the latter strategy was 

ranking the features based on their discriminative ability and choosing only the highest ones. 

The authors implemented two linear classifiers; a support vector machine (SVM) and a linear 

programming machine (LPM). 

The researchers assumed that they had data of  with equivalent classes or labels  where 

. The labels were allocated the label . Where the parameters 

 were estimated from the data by applying optimisation techniques to decrease the 

possibility of misclassification to its lowest values.  They applied the following criterion  

 .             

(2.1) 

Whereas the labels or the classes are estimated from the following formula 



-33- 
 

     and          

(2.2) 

       .            

   (2.3) 

 signifies the  norm (in another words  ) whereas  denotes 

the  norm or the Euclidean. The term   , slack variable, indicates the trade-off 

between the misclassification error and the superiority of the classifier. Also, the 

parameter  has a role balancing this compromise and is selected empirically using 

cross validation. The term  introduces a margin. 

The LPM was derived from the SVM by substituting  norm for  [60]. LPM 

introduces sparse weight vectors where most of its components are zero or close to 

zero, that in turn related any non-zero values to the feature selection algorithm and 

made the classifier more robust to noise. Where the LPM could be expressed as follow 

 

 .                    

 (2.4) 

Whereas the labels or the classes are estimated from the following formula 

 

     and          

(2.5) 

                                         .                   

(2.6) 

Figure 2.17 shows the percentage of error that resulted from implementing the 

suggested model using LPM and SVM classifiers. It is clear that, LPM showed better 

classification ability than the SVM due to sparsity term. However. The overall 

behaviour needed improvement to obtain higher accuracy values. 
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                Figure 2. 17: Error percentage for classifying five-finger movements for six 

subjects [61] 

Another research recruited the electromyography signal to classify three finger 

movements via fuzzy systems [61]. The signal was recorded from the surface of the 

forearm by hiring only four electrodes as shown in figure 2.18.  

 

                 Figure 2. 18: EMG signal recording via four electrodes [61] 

The collection of EMG signals from an amputee is very complicated due to the loss of 

many muscles [62]. Extensor digitorum and  Palnaris longus were the two muscles sets 

that the signal was recorded from. The three targeted classes were thumb, pointer and 

middle. The scholars used transient signals rather than the steady state signals as the 
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transients had more information than the steady state signal. Moreover, they calculated 

short time Fourier transform (STFT) as a time-frequency analysis to recognise the 

frequency content of the signal as well as its development across the time. The authors 

applied a gain of 2000 and sampled the signal at 4000 Hz. The academics utilised the 

power spectral density (PSD) as a feature extraction technique. Figure 2.19 shows the 

normalised distribution for both training and testing sets. 

 

                            Figure 2. 19: Normalised training and testing distribution [61] 

The authors recruited a technique for the initialisation of fuzzy sets called ellipsoidal 

delimitation. The initialisation basis was obtained from the available input and output 

data set. The input data were defined as  whereas the output was described as . 

Where was the number of samples and represented the number of features. 

 and . The authors used the trimmed mean method [63] and reduced 

the similar fuzzy sets into one set to avoid redundancy. The mean for both features and 

classes were estimated as follow: 

For features ) While for classes  

 .                       

   (2.7) 

 Identifies the number of samples equivalent to class  with  classes. The total 

number of samples for the whole classes could be described as  . 
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Figure 2.20 displays the ellipsoidal delimitation distribution for trimmed training and 

testing set. 

 

 

                      Figure 2. 20: ellipsoidal delimitation distribution for trimmed training and 

testing set [61] 

The accuracy values reached 86.27% whereas after removing redundant fuzzy sets with 

optimisation the accuracy value became 92.16%.  

In the same context of finger movements’ classification, the researchers in [22] 

conducted an in-depth study on ten sound-limbed subjects and six amputee participants. 

The study recruited 12 surface EMG channels for intact subjects and 11 for amputee 

participants as shown in Figure 2.21. 
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                        Figure 2. 21: A. Front view for electrodes allocation on intact subjects [22] 

                    B. Rear view for electrodes allocation on intact subjects [22] 

                          C. Front view for electrodes allocation on amputee subjects [22] 

                         D. Rear view for electrodes allocation on amputee subjects [22] 

 

The sound-limbed subjects were asked to perform 15 and 12 classes whereas the 

amputee participants were asked to do the 12 classes only. The utilised electrodes were 

self-adhesive Ag–AgCl. The authors of this research used many electrodes although 

lowering the number of electrodes had its impact on decreasing the difficulty, time and 

cost for the executed controller to resolve [52]. The European endorsements to allocate 

electrodes positions and the 24 mm distance between electrodes were followed in this 

research [26, 64]. The scholars used time domain autoregressive (TD-AR) feature 

extraction technique due to its benefits. TD-AR allowed for actual time enactment and 

added robustness to the signal against any movement of electrodes [15, 65]. The 

academics employed principal component analysis (PCA) and orthogonal fuzzy 

Neighborhood discriminant analysis (OFNDA) for feature reduction whereas SVM and 

Linear discriminant analysis (LDA) for classification. They recruited different 

combinations of implemented feature reduction and classifications techniques as 

shown in Figure 2.22. 
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                                   Figure 2. 22: Suggested classification system with four combined            

schemes [22] 

The proposed model led to the results shown in Figure 2.23 with a classification error 

versus a number of channels as displayed in Figure 2.24. 

 

                             Figure 2. 23: Implementation of error for number of classes with four 

schemes [22] 

 

                              Figure 2. 24: Classification error for proposed model versus number of 

channels [22] 
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Necmettin Sezgin [66] conducted a study that recruited two-channel surface electrodes 

to collect electromyography signal and categorise hand finger gestures. The signal was 

recorded from extensor and flexors muscles that were located in the forearm. The 

author applied bicoherence analysis to the collected signals and used extreme learning 

machine (ELM) as a classifier. The bicoherence of the signal is the normalised release 

of the bispectrum where the bispectrum is the Fourier transform for the third order 

cumulative . The bispectrum is a statistical methodology that can disclose 

any nonlinear component that exists in the signals [67]. The bispectrum was 

implemented and led to substantial results especially in analysing nonstationary signals 

like EEG, EMG and ECG [68-71]. The bispectrum showed better performance than 

power spectral density with non-Gaussian and nonlinear signal as it provided more 

information [72]. The proposed model is shown in Figure 2.25.  

 

Figure 2. 25: The suggested scheme block diagram [66] 

Assume that we have an EMG signal . The third order accumulative can be 

estimated via as follows [73]: 

 

             

(2.8) 

Or  

                       

(2.9) 

Where  designates the anticipated values. The third order cumulative can be 

rephrased as follows: 
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(2.10) 

Where  identifies the third order moment of the input EMG signal  

whereas  denotes the third order Gaussian random process for the same 

signal  and the third order cumulative with zero mean can be expressed as follows: 

 .               

(2.11) 

As the bispectrum is the third order transform and based on the equations mentioned 

above, the bispectrum can be defined as follows: 

 .             

(2.12) 

The  represents the window function where this study recruited hanning 

window with 0.1 seconds as a window duration. The bispectrum can be defined as 

Fourier transform as follows: 

 ,                    

(2.13) 

Where * represents the complex conjugate. Once the bicoherence is the normalised 

version of the bispectrum so it can be expressed as follows: 

 

 .                                  

 (2.14) 

The author collected biosignals from 42 participants: 20 females and 22 males. The 

data were collected for five trials and each trial duration was 10 seconds. The recorded 

signal was sampled at frequency 1000 Hz and amplified by gain of 2000. The scholar 

implemented a sixth order Butterworth filter with cutoff frequency band from 2 Hz to 

500 Hz to remove any noise that might be superimposed on the original EMG signal. 

The bicoherence was estimated, and the quadratic phase coupling (QPC) was attained 
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as well. Moreover, the entropy, mean, variance and root mean square for the 

Bicoherence was considered as features. The researcher aimed to classify five finger 

movements by using only two surface electrodes and with applying 10-fold cross-

validation for the signal. Figures 2.26 and 2.27 show the accuracy versus the number 

of neurons by applying the ELM classifier for all subjects and each subject respectively.  

 

                                  Figure 2. 26: Accuracy versus number of neurons for all participants 

[66] 

 

                   Figure 2. 27: Accuracy versus number of neurons subject based [66] 

Anam et al. conducted different studies in the field of finger classification as per [74]. 

Anam et al. utilised two surface electromyography channels to record single and 

combined finger movements. The author used spectral regression discriminant 

Analysis (SRDA) for feature reduction, ELM for classification purposes and majority 

voting for smoothing the classification. SRDA showed faster performance than LDA. 

Moreover, ELM performed faster than SVM while achieved the same classification 
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rendering as widely used SVM classifier. The proposed model achieved 98% accuracy 

for both single and combined finger movements. Anam et al. applied the same 

suggested model for online and offline data and verified accuracy 97.96 % and 97.07% 

respectively [75] for classifying ten finger movements. The researcher recorded two- 

surface electromyography from five amputee participants. Anam et al. optimised the 

ELM classifier by implementing particle swarm optimisation (PSO). The primary 

purpose of this suggested model was to classify 11 finger gestures. The results were 

compared with both the standard PSO and the grid search methodology. The 

recommended model reached 94% accuracy for five amputee participants [76]. Anam 

et al. published another study to classify between only two gestures from the index 

finger [77]. The first gesture was flexion (F) while the other one was at rest (R). Anam 

et al. collected the surface electromyography signal by recruiting only one channel 

from ten healthy participants (four females and six males). The signal was iterated six 

times for each gesture with five seconds as rest between each trial. A gain of 1000 and 

2000 MHz sampling frequency were applied. Figure 2.28 displays a diagram of the 

proposed model.  

 

                       Figure 2. 28: Block Diagram for the suggested pattern recognition model [77] 

Time domain and autoregressive features were extracted from the one-channel 

electromyography signal after being filtered by the bandpass filter of bandwidth from 

20 Hz to 500 Hz. The extracted time domain features were sample skewness (SS), slope 

Sign changes (SSC), waveform length (WL) and zero crossings (ZC). Moreover, the 

Auto-regressive (AR) and Hjorth time domain parameters (HTD) were extracted as 

well. AR was sustainable to any shift in the electrode positioning along with rapid 

variations in the signal levels [78]. Furthermore, SRDA was fast and achieved a good 

performance for a single electrode and a large number of data. Anam et al.  
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implemented self-advising SVM (SA-SVM) for the classification and it showed 0.63% 

in the accuracy levels. SA-SVM generated advice weights from the training data to be 

used in the test data set to remove any misclassification that exists in the testing stage, 

which in turn increased the accuracy levels. Four-fold cross-validation was executed. 

The analysis of variance (ANOVA) was recalled as another estimation of the accuracy 

besides the traditional classification techniques. Majority voting was used to improve 

the classifier. SVM and SA-SVM achieved average accuracy values 99.0107 % and 

99.6411% respectively. In a study relating to finger gestures recognition, Anam et al. 

collected the electromyography signals from two-channels only for eight subjects to 

classify ten finger movements [79]. The researcher implemented the same model 

shown in Figure 2.28 except for classification of ELM with three different activation 

functions. Anam et al. applied adaptive wavelet extreme learning machine (AW-ELM), 

wavelet extreme learning machine (W-ELM) and sigmoid extreme learning machine 

(Sig-ELM) as activation functions for the ELM classifier. Figure 2.29 shows the 

executed model. 

 

                      Figure 2. 29: Block Diagram for classifying ten finger movements by using 

AW-ELM [79] 

The data were filtered and windowed by applying 200 ms as a window duration with  

25 ms as an increment. 200 ms was chosen to simulate the real-time applications. 

Additionally, the same set of feature extraction and reduction methodologies that had 

been applied before were used in this proposal. The only difference was in the 

classification technique as in this research proposal; the utilised classifier was ELM 

with three different activation functions. AW-ELM showed the best performance 

among the other two implemented activation functions. The accuracy exceeded 91% 
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for the three activation functions. However, AW-ELM was superior for the most 

number of nodes except for 50 and 75, where Sig-ELM showed better performance 

while W-ELM was the worst performance among the three. In [80] the author 

suggested a new feature reduction technique where he combined ELM with spectral 

regression (SR). The weights for implemented ELM were estimated randomly while 

those for the output were valued using spectral regression. The integrated scheme was 

called SRELM. This study recruited eight subjects and collected surface EMG data 

from two muscles in the forearm. The first muscle was the flexor digitorium 

superificialis whereas the second was the flexor policis longus. The author made a 

comparison between different feature reduction algorithms and the suggested one, 

SRELM. The executed feature reduction techniques were SRELM, SRDA, 

uncorrelated linear discriminant analysis (ULDA), PCA, OFNDA, unsupervised 

extreme learning machine (USELM) and without any feature reduction (baseline). 

Figure 2.30 shows the average accuracy percentage for each feature reduction 

algorithm versus the number of classes. 

 

Figure 2. 30: Suggested model performance for different feature reduction algorithms 

versus the number of classes [80] 

 

The values of the number of hidden nodes and the regression coefficient α both 

controlled the system performance. Figure 2.31 demonstrates the accuracy value 
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against the number of hidden nodes whereas Figure 2.32 expresses the accuracy value 

versus the regression coefficient. 

 

Figure 2. 31: Suggested model accuracy value versus number of nodes [80] 

 

 

 

                                    Figure 2. 32: Suggested model accuracy value versus regression 

coefficient α [80] 

In [81], Anam et al. collected surface electromyography signals from eight healthy 

participants. The author implemented three stages of classification. The first was 

offline classification, the second was adaptation stage and the third was online 

classification. The subjects were asked to perform ten finger gestures. Five of them 
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were single-finger movements whereas the other five were combined movements (two 

fingers at a time or hand close). The same set of time domain features that had been 

extracted before was extracted beside the Hjorth and autoregressive parameters. 

Spectral regression discriminant analysis (SRDA) was used for feature reduction 

whereas online sequential extreme learning (OS-ELM) was applied for classification 

purposes. OS-ELM divides the training data into segments and learns it segment-by- 

segment. Classification via OS-ELM has two phases. The first phase was initialisation 

and the second phase was sequential. The training data were divided into an 

initialisation set and a sequential set where the data were processed segement-by-

segment. The initialisation set had a concise period of data 0.5 s and the sequential set 

has the rest of data with 100 ms as an increment. The author applied three-fold cross-

validation on the data set. The second phase was the adaptation stage where data 

collected for a short duration of time. The collection of data for the adaptation stage 

acquired new settings including the electrodes positioning which in return required new 

training and adjustment from OS-ELM. The third phase was the online classification 

in this stage; the participants were asked to perform free actions and specific gestures 

by their hand. The resultant signal, in both stages, was analysed by the above-

mentioned technique. The author implemented different classifiers beside OS-ELM to 

evaluate their performance in comparison with other classifiers such as SVM, radial 

basis function ELM (RBF-ELM) and AW-ELM. Figure 2.33 reveals the behaviour of 

each classifier per subject while the overall performance is written at the bottom of the 

figure. 
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          Figure 2. 33: Average accuracy for all subjects and individually for four classifiers 

[81] 

 

In addition, the researcher varied the number of hidden nodes during the offline 

classification to pick up the optimum number, which was 110 nodes based on Figure 

2.34. The 110 hidden nodes were used for the online classification. 

 

 

                Figure 2. 34: Average accuracy against the number of hidden nodes during offline 

classification [81] 

 
The OS-ELM showed a robust ability to adapt itself to be in line with the new settings 

as shown in Figure 2.35. Where the OS-ELM showed better stability and even higher 
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accuracy than RBF-ELM for data that were collected one or two days ago while RBF 

presented a degradation in the accuracy levels for the second and third day. 

 

                                          Figure 2. 35: Average accuracy for subject 1 for three consecutive    

days [81] 

Recently, Anam et al. published a new study that led to classifying finger movements 

with accuracy exceeding 99% [82]. The author processed surface electromyography 

signals that were collected by Al-Timemy [22] where twelve surface channels were 

positioned on the right forearm for nine healthy participants and eleven surface 

channels were positioned on the forearm for five amputee subjects who suffered from 

shock beneath the elbow. Figure 2.36 shows the electrodes allocation for both healthy 

and amputee participants.  

 

                Figure 2. 36: Electrodes allocation for healthy and amputee participants [22] 
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The EMG data acquisition device had an amplification of 1000 that was applied to the 

acquired signal. Moreover, it had two analogue filters. The first one was a low pass 

filter with cutoff frequency 450 Hz whereas the second filter was a high pass filter with 

cutoff frequency 10 Hz. The low pass filter was fourth order Butterworth whereas the 

high pass was second order Butterworth. The sampling frequency was 2000 Hz. 

Furthermore, the acquisition device had two extra digital filters where the first one was 

a bandpass filter (20-450 Hz) whereas the second was a notch filter at 50 Hz from the 

fifth order Butterworth. Healthy subjects were asked to perform eleven finger 

movements, three combined gestures and one rest. Amputee participants were 

requested to accomplish eleven gestures with one rest. Figure 2.37 displays the 

proposed system.  

 

Figure 2. 37: Block diagram for the suggested system [82] 

It is clear from Figure 2.37 that the researcher used window segmentation after 

processing the data where the window length was estimated via equation (2.15) to avoid 

using window length that causes delay. 

 ,                              

 (2.15) 

Where  is the delay time,  is the window length,  is the window increment and 

 is the processing time that was consumed by the implemented pattern recognition 

system. Then some features were extracted from the signal whereas here the author 

combined time domain and autoregressive features to extract the most useful 

information from the signal. Thereafter, the dimension was reduced by applying LDA, 



-50- 
 

SRDA and OFNDA. Subsequently, the researcher applied various classifiers to carry 

out the classification task. Anam et al. employed the ELM classifier with different 

activation functions such as sigmoid additive hidden-node (Sig-ELM), multi-quadratic 

RBF hidden node (Rad-ELM), RBF kernels (RBF-ELM), polynomial (Poly-ELM) and 

linear (Lin-ELM). Beside the ELM different classifiers, the author  implemented LDA, 

SVM, least-square SVM (LS-SVM) and k-nearest neighbour (kNN) as famous 

classifiers which would help in evaluating the performance of different ELM classifiers 

in comparison with the widely used classifiers. As per other publications of Anam et 

al., he calculated ANOVA as another aspect to evaluate system performance and used 

majority vote to smooth the classifier performance. Figure 2.38 shows the accuracy 

percentage versus number of channels while Figure 2.39 displays the accuracy against 

window length and Figure 2.40 shows the processing time versus window length. 

 

 

 

                   Figure 2. 38: Average accuracy versus number of channels [82] 
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            Figure 2. 39: Average accuracy against window length [82] 

 

             Figure 2. 40: Processing time versus window length [82] 

The scholar concluded that RBF-ELM was superior to KNN and LDA while faster than 

both LS-SVM and SVM for the same accuracy level.  

Khushaba et al. have many published contributions in the field of finger movement 

classification. In 2010, he was able to classify between ten finger gestures with an 

accuracy over 87% [23]. Here, the author used OFNDA for dimension reduction to 

reduce the distance between the same classes and maximise it between different 

classes. The researcher collected surface EMG signals from seven healthy participants 

by using only two electromyography channels as presented in Figure 2.41. The subjects 

were asked to perform ten finger gestures and each movement was iterated six times. 

The signal was sampled at 2000 Hz. Khushaba et al. conducted a comparative study by 

implementing different dimensionality reduction techniques as OFNDA, locality 
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preserving projection (LPP), fuzzy LDA (FLDA), orthogonal LDA (OLDA), ULDA, 

PCA and baseline where no dimensionality reduction applied. Figure 2.40 presents the 

performance associated with each dimensionality reduction algorithm. As clear from 

Figure 2.42 OFNDA was superior for all classes. 

 

(a)                                                      (b) 

                           Figure 2. 41: Electrodes allocation on right forearm in two positions (a) and 

(b) [23] 

 

                        Figure 2. 42: Classification accuracy for each dimension reduction for 

different classes [23] 

Khushaba et al. published another study, in 2011, to classify between ten finger 

movements by applying Fuzzy Neighbourhood Preserving Analysis (FNPA) with QR-

decomposition as the feature reduction method and led to 91% accuracy with only two 
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channels [83]. The data were recorded from nine participants: seven males and two 

females. All the participating subjects were intact limbed. The recorded signal was 

amplified by a gain of 1000 and sampled at 4000 Hz. Moreover, the signal was filtered 

by a bandpass filter (20-450 Hz) and notch filter at 50 Hz. Figure 2.43 displays the 

placement of electrodes on the forearm in two positions whereas Figure 2.44 shows the 

targeted ten finger gestures. 

 

(a)                                          (b) 

                    Figure 2. 43: Electrodes placement in two positions (a) and (b) [83] 

 

                Figure 2. 44: Targeted ten finger movements [83] 

Khushaba et al. utilised different classifiers such as library support vector machine 

(LIBSVM), Regression Tree (RegTree) and ELM. The researcher was able to achieve 

91% accuracy by implementing both ULDA and FNPA as dimensionality reduction 

methodologies. However, ULDSA is computationally expensive while FNPA reached 

the same accuracy values or even better with shorter computation time. Figure 2.45 

reveals the classification error achieved from implementing different dimensionality 

reduction methods along with three classifiers.  
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Figure 2. 45: Classification error attained by implementing different dimension reduction 

along with three classifiers [83] 

Following the above-mentioned contributions in the field of finger movements 

classification, Khushaba et al. proposed a system that was able to classify ten finger 

movements from eight participants from only two EMG channels [20]. The authors 

recorded surface EMG signals from eight participants (six males and two females) for 

six trails. The first four trials were recruited for training whereas the last two were used 

for testing. The read signal was amplified by a gain of 1000 and sampled at 4000 Hz. 

Furthermore, the signal was filtered by a bandpass filter with band (20-450 Hz) and a 

notch filter at 50 Hz. The authors extracted many features based on previous studies 

such as waveform length (WL), slope sign changes (SSC) and number of zero crossings 

(ZC) following [84]. In addition, Hjorth time domain parameters (HTD) was extracted 

based on this study [85]. The dimension was reduced by applying LDA, and both SVM 

(LIBSVM) and KNN were applied as classifiers. Khushaba et al. applied majority vote 

to smooth the classifier performance. Figure 2.46 demonstrates the classification error 

rate for 50 ms, 100 ms and 150 ms three window length for KNN and LIBSVM 

classifiers. 
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                               Figure 2. 46: Classification error for three different classifiers with 

different window sizes [20] 

Other study was published by Khushaba et al. to classify fifteen finger movements [86]. 

The authors collected the surface EMG from eight healthy subjects by using eight 

channels where the signal was amplified by a gain of 1000 and sampled at frequency 

4000 Hz. In addition, the collected EMG signals were filtered by bandpass filter from 

band (20-450 Hz) and a notch filter at frequency 50 Hz. The electrodes were allocated 

into interior and posterior positions as shown in Figure 2.47. Also, Figure 2.47 clarifies 

the hardware that was utilised to collect the signal. Figure 2.48 shows the fifteen 

targeted finger gestures. 

 

(a) Electrodes allocation in interior position        (b) Electrodes allocation in posterior position 
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(c) The used hardware in collecting the surface EMG 

Figure 2. 47: Electrodes allocation at interior and posterior positions in addition to the 

utilised hardware in collecting the data [86] 

 

              Figure 2. 48: Targeted fifteen finger gestures [86] 

The time domain features were extracted and reduced using the Mutual Components 

Analysis (MCA) algorithm. The main difference between MCA and PCA is that MCA 

applies further clipping on the noise and unessential features which, in turn, led to 

higher accuracy values. The scholars implemented two different feature reduction 

techniques. The first method was based on combining PCA with mutual information 

(MI) and nominated MCA1 whereas the other scheme was based on Sparse PCA 

(SPCA) and designated MCA2. Furthermore, the authors utilised KNN, LIBSVM and 

ELM for classification and estimated ANOVA. Figure 2.49 presents the classification 

error rates for three implemented classifiers across all feature reduction implemented 

methodologies. 
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Figure 2. 49: Classification error rate for three implemented classifiers with different 

dimension reduction techniques [86] 

Lately, Khushaba et al. published a contribution in the field of finger movements where 

they were able to classify different finger gestures with multiple force levels in a high 

accuracy [87]. In this research, the authors extracted time domain features by 

implementing Fourier transform (FT) and recruiting norms and derivatives of the signal 

as mentioned in [20]. The followed feature extraction method in this study is dissimilar 

To either [78] or [20]. Furthermore, the researchers extracted power spectrum moments 

while applying normalisation to minimise the noise effect. The implemented technique 

was considered to be a modified version of the well-known cepstrum scheme [88]. 

After that, the authors estimated the cosine similarity to create a group of oriented 

feature sets that contained the oriented spectrum and non-linear cepstrum features. Nine 

amputee subjects participated in this study. Eight surface EMGs were used to acquire 

the signal, which was sampled at 2000 Hz. The participants were asked to perform six 

gestures: spherical grip, tripod grip, index flexion, thumb flexion, pine pinch and hook 

grip. The study was conducted at three levels of forces: low, moderate and high. It is 

considered a challenging task for the subjects to perform the same gesture at a different 

level of force. The main objective behind performing three force levels was to find a 

relation between the strength of the force and the amplitude of the signal. The extracted 

feature dimensions were reduced by employing a spectral regression (SR) scheme. 

Moreover, KNN, random forest (RF), naive bayes (NB) and LDA were used for 

classification in addition to applying majority vote. Furthermore, the ANOVA was 

calculated as another aspect of performance evaluation. The implementation of time 
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domain power spectrum achieved a 6-8% rise in the accuracy level. Figure 2.50 

presents the classification error for four applied classifiers when the training and testing 

were performed under the same force. 

 

                          Figure 2. 50: Classification error for four classifiers under the same force 

[87] 

Recently, the authors in [89] extracted time domain features in a different manner that 

caused a reduction in classification error by 8%. The researchers aimed to obtain 

adequate descriptors that could describe the muscle activity. Consequently, Khushaba 

et al. extracted power spectra from each window of the collected signal. In addition, 

the correlation between the extracted features for each window was estimated beside 

the correlation for the nonlinear mapping of the extracted features across the surface 

EMG channels. The same sequence was repeated for the extracted features from evert 

combination of the EMG channels. The authors recorded the surface EMG signal by 

using eleven EMG channels where nine amputee subjects participated in this  

study and were asked to do eleven finger movements. SR was used to apply feature 

dimension reduction in addition to applying both KNN and LDA for the classification 

task. Figure 2.51 shows the classification error rate for different feature sets by 

applying KNN and LDA. TSD represented Temporal-Spatial Descriptors, TDPSD 

denoted the previously described feature extraction algorithm that was mentioned in 

[87], AR-RMS signified Auto-regressive root mean square features, TD signified the 

mixture of mean absolute value (MAV), ZC, SSC, WL, adding Willison amplitude 



-59- 
 

(WAMP) to the same set of features led to TD1 features and finally the wavelet 

features. The suggested descriptors led to the lowest classification error, which was 

less than 5%. 

 

 
  
 

 
Figure 2. 51: Classification error for two classifiers with different features set [89] 

We can conclude from the above presentation that the traditional architecture of any 

pattern recognition system that has feature extraction can be represented as shown in 

figure 2.52. 

 

 

                                            Figure 2. 52: Pattern Recognition Architecture 

 

 

 2.4 Biosignal Pattern Recognition 
 

Figure 2.52 clarifies the architecture of pattern recognition as the raw biosignal moves 

through many phases. These stages will be simplified in brief in the following section. 

2.4.1 Pre-Processing 

Pre-Processing 

Filtering and 
segmentation 

Feature 
Extraction Feature 

Reduction 
Classification Post-processing 

Raw Bio signal 

Classified 
Gesture 
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 Filtering 
The main objective behind applying filters is to remove or at least minimise 

the existing noise. The employed filters are usually bandpass filters from 20 

Hz to 450 Hz or maximum 500 Hz. The used filters can be Butterworth 

order or any other type. The power produces noise at 50 Hz or 60 Hz 

which, requires the implementation of notch filters at 50 Hz or 60 Hz to remove 

the noise without eliminating the signal. 

 Segmentation 
The data are segmented into windows, and each window is processed 

individually where the valuable information (features) is extracted from each 

window separately. These features control the behaviour of pattern recognition 

model performance [52]. Basically, there are two types of windowing: either 

disjoint or overlapping type. Figure 2.53 clarifies the two windowing types.  

The first windowing category is the disjoint category where the window length 

is the only parameter as the window slides without any loss in the data. 

Whereas the second category is the overlapping category, which has window 

length and window increment where the value of increment should not exceed 

that of window length.   

 

 

(a)                                                                   (b) 

Figure 2. 53: Data Segmentation via windowing (a) disjoint windowing 

(b) Overlapping Windowing [90] 
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The electromyography signal has two states: either transient state or steady state. The 

transient state is the state where the generated EMG signal is produced from sudden 

action or movement. Kevin et al. mentioned that classification of steady-state 

performance was superior to that for the transient state [91]. Accordingly, most 

researchers consider only steady state analysis. However, analysing steady state 

individually makes the system not robust to any sudden changes that may exist in real 

applications.  

2.4.2 Feature extraction 

The feature extraction stage is considered to be the most vital stage in pattern 

recognition. The features are extracted from the processed EMG signal input. The 

features are characteristics that express or distinguish individual actions or classes. 

However, these extracted characteristics or features should have some conditions to 

help in achieving high accuracy rates. The first condition is to provide maximum 

distance between different classes which in turn increases the accuracy levels, whereas 

the second condition is its robustness to any noise for real-time applications. In other 

words, the features should not lose maximum classification ability in noisy conditions 

or in real time applications [21]. Phinyomark divided features types into categories 

[92]. The main groups are time domain features, frequency domain features and time-

frequency domain features. A brief discussion of different features is presented in the 

following section. 

 Time domain features  
Time domain features are the most widely used and most accessible features 

[21, 22, 52]. This type of features is not computationally expensive and is easy 

to apply. However, they show good performance only in low noise conditions, 

and poor performance with transient state EMG signals [92]. Several time 

domain features will be explained briefly in the following section. 

1. Mean absolute value (MAV) 
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MAV is the mean or the average for the absolute value of the collected 

electromyography signal during a specific segment and can be 

expressed as follows: 

 .                      

(2.16)    

2. Mean absolute value slope (MAVs) 
MAVs represents the difference between the MAV of the current 

segment and the MAV of the previous one [84]. It can be explained as 

follows: 

 .             

(2.17) 

3. Zero Crossings (ZC)  
ZC counts the number of times the electromyography signal crosses 

the zero level [84]. A threshold is added to minimise the noise 

accumulation around the zero level. ZC is defined as follows: 

 

(2.18 
           

4. Slope sign changes (SSC)  
SSC calculates the sum of times where the slope of the signal changes 

its sign [84]. It can be demonstrated as follows: 

 

(2.19) 
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5. Waveform length (WL) 
WL estimates the accumulated length of the signal during a segment. 

It can be represented as follows: 

 .                          

(2.20) 

6. Root mean square (RMS) 
RMS is estimated by calculating the square root of the mean of the 

squared segment and can be represented as follows: 

  

(2.21)                        

7. Autoregressive (AR) 
EMG signals are stochastic time variant or non-stationary. However, 

that can be considered as stationary Gaussian over a short period 

(segment) [93]. The AR can be estimated as follows: 

 .          

(2.22) 

8. Hjorth parameters  
The Hjorth features extracts three parameters from either EEG or EMG 

signals: activity, mobility and complexity [20, 94]. The three 

parameters can be defined as follows: 

 

 

 

(2.23) 

where  is the EMG signal or any other signal. 
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The above-mentioned eight time domain features are the most popular 

and widely used. In the following section, frequency domain features 

will be demonstrated briefly. 

 Frequency domain features  
Frequency domain features are mostly used in analysing fatigue, estimated 

from the power spectral density (PSD). Two favorite frequency domain 

features are mean frequency and median frequency. These two features will be 

demonstrated briefly in the following section. 

1. Mean frequency (MNF) 
MNF is estimated by calculating the summation of the multiplication 

of the current frequency multiplied by its power spectral density over 

whole segments and divided by the summation of power spectral 

density across entire segments. The mean frequency or average 

frequency can be explained as follows: 

 ,                           

 (2.24) 

where  represents the frequency spectrum while  is the power 

spectrum at the frequency .  

2. Median frequency (MDF) 
MDF calculates the frequency at which the power spectrum of the 

signal is separated into two areas, each of the same amplitude. MDF 

can be estimated by the following formula: 

 

 . 

(2.25) 
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 Time-Frequency domain features 
Time-Frequency domain (TFD) features lead to better results and higher 

accuracy. The main reason behind TFD leading to better performance is its 

ability to confine the signal energy in both domains, either time domain or 

frequency domain [95]. However, the only drawback is its complexity and 

simulation time as it is considered computationally expensive, which makes it 

not suitable for real-time applications. Wavelet packet transform (WPT), 

wavelet transform (WT) and short-time Fourier transform (STFT) are 

considered the most widely used TFD features [91]. Figure 2.52 shows the 

three leading TFD features where the x-axis represents time, and the y-axis 

signifies the frequency. As is clear in Figure 2.54, SFTT has a fixed tiling 

whereas WT has a tiling aspect ratio that is related to the centre frequency. 

WPT has an adaptable tiling, which makes it suitable for most of the 

applications, yet it consumes longer time and is computationally expensive, 

which in turn has a bad impact on real-time applications. More detail will be 

presented on TFD features in chapter 3 in this thesis.  

 

                    Figure 2. 54: Three leading TFD features (a) STFT (b) WT (c) WPT [95] 
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2.4.3 Feature reduction 

Feature reduction is an essential stage in the pattern recognition block diagram shown 

in Figure 2.52. When features are extracted, this results in a large number of features 

that may be redundant. Therefore a technique may be utilised to reduce the number of 

features without losing any information that may enhance the performance of the 

system. In general, feature reduction can be accomplished by either feature selection 

(FS) or feature projection (FP) [95]. Feature selection algorithms select a subset of 

features from the extracted features whereas feature projection transforms or maps the 

extracted features from its original space to a new space of lower dimension. Based on 

the studies conducted in [23, 95], the authors demonstrated that feature projection 

achieved better performance than implemented feature selection techniques. More 

analysis will be demonstrated on feature selection later in this chapter. This feature 

projection methodology has two schemes either unsupervised or supervised. The 

unsupervised scheme maps the features from a higher dimension to the new space of 

lower dimension without containing any information about the classes. On the other 

hand, the supervised scheme also transforms the extracted features from a higher 

dimension to a lower dimension whereas including information on the classes. 

Principle component analysis (PCA) is an illustration of unsupervised feature 

projection [96], and LDA is an example of supervised projection [97]. Supervised 

feature projection methods showed superior performance better than include 

information on the class during transformation [22]. The significant disadvantage of 

LDA in specific is the singularity problem, which arises when the number of samples 

is lower the number of classes. Researchers suggested various supervised feature 

projection methods to beat the singularity problem, such as ULDA [98], SRDA [97], 

and OFNDA [23]. Moreover, feature projection can be either linear or nonlinear. PCA 

and LDA are examples of linear feature projection with replacing the linear function in 

PCA by the kernel function lead to a nonlinear version of PCA. Additionally, neural 
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networks such as autoencoders and unsupervised extreme learning machines (USELM) 

are good examples of nonlinear feature projection [99]. 

PCA, LDA and SRDA is presented briefly in the following sections 

 Principle component analysis (PCA) 
PCA is an algorithm to reduce the dimension of the data by mapping the 

original data set into a lower dimensional space while preserving vital 

information [100]. The PCA technique is based mainly on estimating the 

principal components from the original signal by applying linear combination 

between them. 

Assume that we have a dataset  where  is the original 

dataset which exists in a -dimensional space and  represents the number of 

samples. PCA applies linear combination between lower dimension data and 

keeps the important information along with mapping into a lower -

dimensional space. Assume that  describes the transformation from higher 

dimension space  to lower dimension , where . Therefore, the new 

dataset of lower dimension will be represented by . The  value can 

be estimated via the following formula. 

 ,                                   (2.26) 

where  and  contains eigenvectors  which are represented in 

columns. Singular value decomposition (SVD) is the guide to estimate 

the eigenvalues as follows: 

                                     (2.27) 

 ,                                       (2.28) 

where  represents the eigenvalues related to the eigenvector , while  

signifies the covariance matrix. 
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 Linear discriminant analysis (LDA) 
LDA does not target the dataset or features. However, it targets the classes as 

it looks for the best discriminant for classes and not the best features, as in PCA 

[96]. The best discriminant is achieved through minimising the scattering 

matrix within the same class while maximising it between different classes. 

The scatter matrix for the same class can be described via the following 

equation 

 , 

(2.29) 

where  represents the  sample in the  class,  is the mean of the  

class,  describes the total number of classes and  defines the total number 

of samples in the  class.  

On the other hand, the scattering matrix that differentiate between different 

classes can be described as follows: 

 .                          

(2.30) 

In order to achieve LDA objective, minimise the scatter matrix within the same 

class and maximise it for different classes, this can be achieved by maximising 

the LDA objective function as follows:  

 

 . 

(2.31) 

In case of a non-singular matrix , the objective function will be maximum 

when the projection matrix  column vectors are identical to the 

eigenvectors . 
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Otherwise, many researchers proposed different techniques to overcome the 

singularity problem in the case of the singularity problem in LDA as mentioned 

above. 

 Spectral regression discriminant analysis (SRDA) 
 

SRDA is more superior to LDA, especially with a more extensive dataset [97]. 

Moreover, it was implemented as a solution to the singularity problem that may 

arise in LDA. The LDA problem can be overcome by the following analysis. 

 , 

(2.32) 

where  represents the data matrix of dimension , where   is the total number of 

classes,  describes the eigenvector matrix of dimension ,  is the total 

number of data,  define the eigenvalue, and   designates the transformation vector.  

Equation (2.32) can be simplified as follows: 

 , 

(2.32) 

where                                      . 

(2.33) 

To solve these equations, the values of  need to be found in equation (2.32). Also, 

the value of  that verifies equation (2.33) should be estimated via least square 

method. This led to the following formula 

 . 

(2.34) 

By rearranging the SRDA least square problem, the following equation can be 

estimated: 

 . 
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(2.35) 

The derivative of equation (2.35) led to the following formula 

 . 

(2.36) 

This led to the following value for : 

 . 

(2.37) 

2.4.4 Classification 

Classification is the final stage in pattern recognition in case of omitting the post-

processing stage. The classifier maps the reduced features into classes where each 

feature is translated to the class to which the feature belongs. Over the past years, many 

researchers implemented different classification techniques such as in [101] where a 

multilayer perceptron (MLP) was utilised for classification. In an earlier research, the 

authors of [102] applied feed-forward neural networks (FNN) for classification. FNN 

showed superior performance but since it is still considered to be a neural network 

which needs training time. So, it is computationally expensive and will not be suitable 

for the real-time applications. Later, the researchers adopted the idea of implementing 

LDA for classification [52]. The results were impressive as the accuracy was higher 

than MLP and as precise as FNN but with shorter computation time. Moreover, KNN 

and hidden Markov model (HMM) was suggested for pattern recognition [103] and  

[104] respectively. Lately, SVM was used in many applications, which led to promising 

results as it showed superior performance than that for either KNN, FNN or LDA and 

consumed relatively little computational time. However, the only drawback for SVM 

was that it was initially used for classifying two classes only. Modifications were 

introduced to SVM to make it suitable for multi-class applications, which in return 

increased the computational time. Recently, ELM was presented where the idea came 
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from artificial neural networks [105]. However, ELM does not follow the traditional 

iterative learning to tune the node parameters, which in turn makes it faster in 

implementation than the conventional networks. Two types of ELM were suggested 

[105]. The first kind was kernel-based ELM, where its performance mainly depended 

on the type of the implemented kernel function like SVM, whereas the other kind was 

node-based ELM. ELM, SVM, DA and softmax layer classifiers will be demonstrated 

in the following section. 

 Extreme learning machine (ELM) 
 

Extreme learning machines were first introduced in 2012 by Huang [105]. The first 

issuance for ELM was not as a classifier. However, it was just a modification on single-

hidden-layer feed-forward networks (SLFNs). The authors suggested omission of the 

iterative methodology in estimating the weights in either the output or in the hidden 

layers. This technique made the weights in the hidden layer entirely independent on the 

input data which, in turn, made ELM adaptable to any data type. The weights for the 

output layer were computed by applying Moore-Penrose inverse to the hidden layer 

matrix. This technique made ELM much faster than conventional SLFNs. Furthermore, 

ELM resulted in high accuracy values compared to other classification algorithms, 

which were considered to be computationally expensive. However, Hunag et al. were 

not the first researchers to suggest avoiding iterative estimation of the weights. 

Randomisation was proposed before by Pao and Takefji in [106]. The authors 

suggested a single-hidden-layer feed-forward network, where the hidden layer was 

added to the input layer, and called it functional-link net (FLN). Later, in 1994 Pao et 

al. applied an adjustment to FLN where the weights of the added hidden layer are 

estimated randomly and called it the random vector functional-link net (RVFLN) [107]. 

ELM and RVFLN are similar as both follow the random manner for estimating weights. 

However, RVFLN merged the hidden layer with the input layer whereas ELM kept the 

conventional structure of SLFNs.  
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Assume that we have a fundamental single layer neural network as shown in Figure 

2.55. Input data are represented by  . Equivalent output 

classes or targets are signified  . 

 

                        Figure 2. 55: The architecture of primary extreme learning machine network  

The output from a standard single-hidden-layer feed-forward network, where  

represents the number of neurons in the hidden layer, can be defined as follows: 

 , 

 (2.38) 

where  defines the weight that connects the  neuron and input,  describes the 

weight that connects the  neuron and output,  expresses the bias and  signifies 

the hidden node activation function.  and  can be further expressed in detail in the 

as following: 

 

. 

(2.39) 

. 
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(2.40) 

Besides minimising the error, ELM aims to minimise the norm that estimates the 

output weights as well. This can be expressed via the following formula 

 

 , 

(2.41) 

where  represents the output classes or the targets.  

. 

(2.42) 

As in ELM, both the input weights  and input bias  are estimated randomly so 

that equation (2.41) can be reduced to  

 . 

(2.43) 

The minimum norm for equation (2.43) can be computed by implementing the Moore 

Penrose generalised inverse for the matrix , which is clarified via the following 

formula: 

 . 

(2.44) 

The optimisation for ELM is done as follows  

 . 

(2.45) 

 , 

(2.46) 

where  represents the output error vector and  is feature 

mapping from the hidden layer to the output. Following the theorem mentioned in 
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[108] it was noted that ELM training was considered as the solution for dual 

optimisation problem for equation (2.45). Therefore 

 , 

(2.47) 

where  denotes the weights linking the hidden layer with the output layer and  is a 

parameter to be defined by the user. The differentiation for equation (2.47) will be 

estimated as follows: 

 . 

(2.48) 

 . 

 (2.49) 

 . 

(2.50) 

By replacing equation (2.48) by both (2.49) and (2.50), we get  

 , 

(2.51) 

and  

 . 

(2.52) 

Replacing the value of  from equation (2.44) by that in equation (2.51), we obtain 

 . 

(2.53) 

Finally, the output of ELM can be defined via the following equation: 
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 . 

(2.54) 

 Equation (2.54) can be rewritten as  

 . 

(2.55) 

The feature mapping function  can be expressed in terms of . The 

feature mapping function can be any nonlinear continuous function such as a multi- 

quadratic function, hard limit, sigmoid, and Gaussian. The formula for each function 

will be presented in the following equations: 

Multi quadratic function 

 . 

(2.56) 

Hard limit function 

 . 

(2.57) 

Sigmoid function  

 . 

(2.58) 

Gaussian function 

 . 

(2.59) 

The mapping function, which is enabled in the hidden layer, can be replaced by a 

kernel function and in this case, the ELM will be a kernel based ELM. The kernel 

matrix can be denoted as follows: 

 

 , 



-76- 
 

(2.60) 

where  is the kernel function. Equation (2.54) can be rewritten as 

 . 

(2.61) 

 . 

 

(2.62) 

The kernel function can be a linear, polynomial or radial basis function. The three 

types will be illustrated as follows 

Linear  

 . 

(2.63) 

Polynomial 

 . 

(2.64) 

Radial basis function 

 . 

(2.65) 

 

 

 Support vector machine (SVM) 
 

The support vector machine (SVM) is a widely used classification algorithm, first 

developed in 1995 by Cortes and Vanpik [109]. Support vector machines initially 

considered classifying two classes only. Therefore, SVM aimed to search for the best 

hyperplane that actively separated two different sets of data points. Accordingly, SVM 
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created a width, which was called a margin to separate the data. The wider the margin 

width, the greater the capability of the classifier. The data points that are located on the 

borders of the hyperplane are called the support vectors. Figure 2.56 shows the support 

vector machine classifier including hyperplane and support vectors. 

 

                              Figure 2. 56: Support vector machine classifier [110] 

Many data sets cannot be separated entirely, which results in a misclassification. In 

other words, the data points will be classified on the wrong side of the hyperplane. The 

influence of these data points will be reduced by weighting them down via a soft margin 

technique [111]. In some cases, there may be no suitable linear separator that can 

separate between data sets which lead to projecting the current datasets into a new 

higher dimensional space by employing kernel method [112]. The mathematical 

analysis for support vector machines can be found in detail in [113, 114].  

Assume that we have a training set in the form of vectors called with equivalent 

categories . In the dimension,  and The hyperplane achieves  

 =0 where   and  is a real number. SVM aims to maximize 

the margin which happens when  is reduced to its minimum extent for all values  

The support vectors are the values of   that are positioned on 

the boundary of the hyperplane and achieve .  is reduced to its 

maximum extent in case of  )= )) where is the 
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distance to the hyperplane and  is the classification value. By using a LaGrange 

multiplier, we get the following formula: 

 . 

(2.66) 

For stable values of both  and , estimating the derivative of  and equating to zero 

we get: 

 . 

(2.67) 

 

Some data sets cannot be separated. A variable  is added and cost parameter  is 

included.  

 , 

(2.68) 

Where  is the Lagrange Multiplier 

In the case of not being able to find a linear hyperplane, a kernel function is employed 

to map the current datasets into a new higher dimensional space.  The new space is  

where the classifier aims to map the data set  into it. The class function is expressed 

as , ). The class function can be  

Polynomial            , where  is a positive integer                    

(2.69) 

 

Gaussian                 .                                            

  (2.70) 

Sigmoid Neural Networks      ,  where  is for 

positive integers and  is for negative integers.   
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                                                                          (2.71) 

SVM was implemented as a classification algorithm in different fields. For example, 

SVM was employed in the civil engineering field to classify features in model 

induction where the authors compared the results from SVM by those resulting from 

artificial neural networks [115]. SVM was used in image classification field for both 

labelled and unlabeled datasets. The authors in [116] suggested using SVM to classify 

unlabeled data sets to decide which text should be selected next. Other researchers 

implemented SVM to classify between bullet’s image [117]. SVM was able to classify 

between images of defects bullets and images of non-defects bullets. The proposed 

algorithm reached 90% as an accuracy level for 80 images where 40 of them were with 

defects and other 40 were without defects. 

 Softmax layer 
 

Softmax classification is an adapted version of logistic functions or binary regression 

classifiers to fit classifying multiclass applications [118]. The loss function for a 

softmax classifier is different from that of SVM. Softmax classifiers generate the 

normalised probability for each class. The loss function for softmax classifier can be 

expressed as a mean square error, or cross entropy. Mean square error can be expressed 

as: 

 , 

(2.72) 

where  is the number of training samples,  is the number of training classes,  is 

the  entry of target matrix, target matrix is k by n and  is the  output from 

autoencoder with input vector . 

A cross entropy loss function is defined as: 

 . 
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(2.73) 

The softmax classifier has been employed in many applications, especially those 

associated with biosignals. Besides, neural networks either for deep learning or 

traditional feature extraction and reduction algorithms. The authors in [119] proposed 

implementing a softmax classifier to classify Red Green Blue (RGB) colour images, 

and proved a higher classification ability than that of neural networks. Other 

researchers used softmax classifiers to detect drugs where the classification result was 

higher than the well-known state of the art techniques [120]. 

 Discriminant analysis 
 

Discriminant Analysis classification is a widely used classifier technique which 

depends on Fisher’s discriminant. It looks for a mix of features that differentiate 

between different classes, either two or more [121]. Discriminant analysis can be used 

in dimension reduction as well. The commonality between discriminant analysis and 

Analysis of Variance (ANOVA) is that both of them look for a mix of features [122]. 

The only difference between ANOVA and discriminant analysis is in the type of 

variable, wherein ANOVA the variable is of categorical type while in the discriminant 

analysis the variable is of continuous-type [123]. In addition, Principal Component 

Analysis is similar to Linear Discriminant Analysis as both are looking for a linear 

combination of features which best express the data [96]. The mean of the classes for 

unweighted data is expressed as follows 

 

(2.74) 

Assume that we have matrix  with dimensions  by  where  represents data and 

  represents classes. 

 if data  is from class  
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 Otherwise  

The mean of the class for positively weighted data  is: 

 

(2.75) 

The value of the covariance matrix for unweighted data can be estimated as follows: 

 . 

(2.76) 

The covariance matrix for weighted data  can be expressed as follows 

 , 

(2.77) 

where  represents the sum of weights per class, 

and   is the sum of square of weights for each class. 

The discriminant analysis can be estimated by applying cost, posterior and prior 

probabilities: 

 , 

(2.78) 

 

where  represents the final predicted class,  represents the number of classes,  

 represents the posterior probability for data  to be from class  and  

represents the cost of classifying  as an observation when its right class is . 
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The posterior probability of an observation  that belongs to a class  is the 

multiplication of normal density and prior probability which is represented as follows 

, 

(2.79) 

where  is the mean of the normal density of observation ,  is the covariance of 

normal density of observation  and  is the inverse matrix. 

The posterior probability of an observation  is of class  and   represents the 

prior probility of class : 

 . 

(2.80) 

Discriminant analysis is a very popular classifier algorithm and many researchers 

published its application as a classifier. The authors of [124] suggested many advanced 

schemes in discriminant analysis like linear, kernel and Monte Carlo applications. 

Other investigators developed a study that compared between different discriminant 

analysis based on collected gene data to classify the patients with cancer [125]. Other 

researchers introduced sparsity to discriminant analysis by applying rotation techniques 

on data which achieved enhanced results [126].  

2.4.3 Post-processing 

The post-processing stage is the last stage in pattern recognition, which aims to smooth 

and improve the classifier results. The majority vote is one of the most widely used 

post-processing techniques [90]. The majority vote estimates the classification by 

considering both current state and  previous states, which in turn increases accuracy 

from one side as it removes the misclassified results [127]. However, from the other 

side majority vote increases the computation time, which should bring attention to 

compromise between rising accuracy levels and limiting delay. The delay should be in 
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line with the endorsement [128]. whereas the expected delay in real time applications 

should range between (100-150 ms) or at least does not exceed 300 ms [91]. 

  
 2.5 Summary 
 

A very fundamental study was presented on hand anatomy including bones, skin, 

nerves, muscles, tendons and joints. Then a brief theory was presented on biosignal in 

general and EMG in particular. This theory included skin preparation for EMG 

collection, factors affecting EMG signal and EMG applications. 

Then a discussion was conducted including the researchers’ efforts in the field of finger 

movements classifications by employing different suggested pattern recognition 

models. Some of these discussed models achieved superior results, however they did 

not classify many finger gestures as the maximum number of classified finger 

movements was around 15 classes only. In the laboratory the classified finger gestures 

were much more than 15 gestures, which in turn created a gap between the simulation 

results and real-life applications results. Therefore, the simulation results were superior 

when it came to the laboratory the results decreased dramatically. This decay due to 

many results included but not limited to the robustness of EMG signal and in clinical 

applications, the finger gestures are unlimited while in simulation the tested movements 

were limited. Later, an elementary study was shown of the stages of a pattern 

recognition system with an emphasis on features, either time or frequency domain. 

Finally, different feature selection techniques were discussed and applied our dataset. 

This thesis will give attention to the feasibility of learning features for 

electromyography signals. The thesis will present different techniques to implement 

deep learning along with signal representation to achieve better results with less human 

intervention. Chapter 3 will discuss the concept of feature selection, and deep learning. 

Neural networks and different signal representations algorithms will be shown. Chapter 

4, Chapter 5, chapter 6 and chapter 7 will display and discuss the proposed and 
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published feature and deep learning models that were accomplished during this study. 

Eventually, Chapter 8 will have the thesis summary, recommendations for future work 

and conclusion. 
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CHAPTER 3 
 

Review on feature learning, deep learning and data representation 
 

The principal objective of this research is to develop a deep learning model that learns features 

by itself without employing any feature extraction or reduction techniques or even hiring 

handcrafted engineering methods. Self-learning models will not depend on user's experience in 

extracting most suitable features to the application. Hence, it will save time and effort wasted 

in iteration trials to pick up the best features. This research investigates different feature 

learning and deep learning algorithms that lead to the ultimate benefits of the learnt features. 

In this chapter, an in-depth study will be presented on feature learning, deep learning as well as 

the neural network as the neural network is one of the commonly implemented methods to 

achieve deep learning concept. Various signal representation algorithms that were recalled in 

our proposed models, will be illustrated in this chapter. The signal representation approaches 

will be spectrogram, wavelet, wavelet packet, data augmentation, and tensor. Furthermore, 

classifier fusion will be demonstrated as classifier optimisation technique to select best local 

classifier. 

3.1 Feature selection 
 

This thesis is more concerned in learning the best features that match the application, 

which will be presented in the coming chapters as feature learning, and deep learning 

methodologies. Nevertheless, before proceeding to the deep learning area some brief 

introduction to traditional feature selection algorithms will be given.  

Feature selection is the process of selecting a subset of features from a pool of features. 

Feature selection is sometimes called variable selection, attribute selection or variable 

subset selection. The technique for feature selection is useful as it reduces training time, 

simplifies the model to be more comfortable for researchers to understand [129] and 

reduces variance by reducing overfitting [130] as it lowers complexity by decreasing 
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parameters relative to the number of observations. A typical feature selection process 

consists of four necessary steps as shown in Figure 3.1. The four necessary steps are 

subset generation, subset evaluation, stopping criterion, and result validation [131]. 

Figure 3.1 clarifies the very general and necessary steps for any feature selection model. 

These steps will be briefly demonstrated in the following section. 

 

 

                          Figure 3. 1: Four key steps of feature selection [131] 

3.1.1 Subset Generation 

Subset generation is the first process in feature selection procedures. Many search 

strategies can be used to pick a subset of features then, the selected subset is evaluated 

using a satisfied evaluation criterion to help in taking the decision. The decision is 

either the new subset of features should replace the old one or, ignore the new subset 

and keep the old selected subset of features. Subset generation and evaluation should 

be repeated until satisfying a specified stopping criterion [132]. Subset generation has 

two governing aspects; the first one is the starting point, which in turn affects the 

searching algorithm. Therefore, if the search for a subset of features starts with the 

empty set and then adds features while searching, this is called forward selection. 

Whereas starting with a full set of features then remove features during searching this 

is called backward selection. Moreover, starting with both sides and adds or removes 

features simultaneously this is called Bidirectional. The second governing aspect is the 

searching strategy. So far, three searching strategies are prevalent. The first strategy is 
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complete search, the second is sequential search, and the third is random search. Those 

three search strategies will be explained concisely in the following sections.   

 Complete search 

 
This search strategy aims to find the optimal result by doing a complete search. The 

optimal result can be determined by evaluation criterion. Andrew Ng mentioned that 

branch and bound algorithm are considered to be a complete search example [133] 

whereas Doak considered beam search algorithm to be an example of complete search 

[134]. 

 Sequential search 
 

This is a fast and easy to implement searching algorithm where the optimal result is not 

the primary concern. This approach adds or removes features one at a time. Sequential 

forward selection, sequential backward elimination, and bidirectional selection are 

considered examples of this technique. Another replacement is to add or remove a 

number of features in the first step and add or remove a lower number of features in 

the second step. 

 Random search 

 
This algorithm starts by randomly selecting a subset of features, then goes in two 

different directions. The first direction is to follow a sequential search technique. The 

second direction is to generate the second subset in a completely random manner. In 

other words, we cannot follow an absolute rule in generating subsets of features, i.e. no 

indication that the coming generated subset will be shrunk or expanded compared to 

the previous subset. This algorithm sometimes is called the Las Vegas [135]. 

3.1.2 Subset Evaluation 

Subset evaluation is the second in the steps of feature selection as shown in Figure 2.55. 

The generated subset of features needs to be evaluated to decide either selecting this 

generated subset or generate another subset of features.  In general, there are two main 
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criteria to evaluate a generated subset. The first is the independent criterion and the 

second is the dependent criterion. These two criteria can be implemented by using one 

of several models. The first is the filter model, the second is the wrapper model, and 

the third model is the hybrid model. The filter model depends mainly on characteristics 

of data to select features without using any mining algorithm [136]. Whereas the 

wrapper model uses a predetermined mining algorithm and uses it to evaluate the 

selected subset of features [137]. The hybrid model aims to have the advantages of both 

models. The filter model is easier to implement than the wrapper model as wrapper 

model is computationally expensive. 

3.1.2.1 Independent criterion 
 

Independent criterion can be implemented by using the filter model and depends on 

characteristics of training data without using a specific or predetermined mining 

algorithm. In order to extract useful characteristics from the training data, it needs to 

measure specifications of data such as distance, information, dependency and 

consistency. Those four measures will be explained in the following sections. 

 

 Distance measures 
A feature A is selected over feature B if feature A has a better capability to classify 

data than feature B does. This is determined by the amount of information each feature 

has on the different classes. The distance measure is considered an acceptable method 

to determine the ability of selected feature can separate between the different classes. 

In other words, if selecting feature A will generate longer distance between classes than 

feature B does , feature A will be preferred and chosen over feature B. 

 Information measures 
Information measures quantify the amount of gained information from the training 

data after selecting feature A. Feature A is preferred over feature B if feature A can 

gain more information from the training data than feature B does. 
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 Dependency measures 
It measures how much the selected feature is correlated or associated to a specific class. 

Assume that we have two selected features the first feature is called A and the second 

feature is called B. By measuring dependency, we conclude that feature A is highly 

correlated or associated to class C. In this case, the filter model will select feature A as 

it will be an improvement in classifying our data. 

 Consistency measures 
It measures how much the minimum selected features are consistent in classifying data 

in comparison with full features classification performance. It measures the consistency 

between minimum selected features in classifying training data and full features’ 

performance in classifying the same training data. The selected features would be 

inconsistent if the data were more misclassified than implementing the full features 

method. 

3.1.2.2 Dependent criterion 

 
Dependent criterion uses the wrapper model. Thus, it uses a predetermined mining 

algorithm, which results in better results but uses more complex computational 

techniques than the filter model does and also, it is considered harder to implement 

than the independent criterion, which uses the filter model. 

3.1.3 Stopping criterion 

Stopping criterion is used to stop the selection algorithm depending on specific 

conditions. Once this condition is verified the feature selection algorithm should be 

stopped. As stopping condition may arise because the search of features completes, or 

because a maximum number of iterations has been reached, or a minimum number of 

features has been selected. Moreover, a stopping criterion may be reached because 

adding or deleting features has not improved the result or because the selected features 

cause a lower classification error than the allowable one. The allowable classification 

error varies from an application to another. 
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3.1.4 Result Validation 

After features have been selected and the full selection criterion stopped, the results 

need to be validated. Classification error is a functional parameter to evaluate the 

performance to be either accepted or rejected. To accept the result, the classification 

error should be lower than the allowable one where allowable error is variable 

according to the application. 

 

3.2 Implementation of feature selection for biosignals 
 

In this section, the implementation of feature selection with high dimensional dataset 

will be illustrated. The model used sequential feature selection, which is a very popular 

feature selection algorithm. The performance of the selected features was evaluated by 

using holdout and cross-validation techniques.  

Some types of data had a substantial number of features with a limited number of 

observations. A large number of features, in this case, did not lead to distinguished 

observations but might lead to overfitting to the noise. Moreover, reducing features 

saved computation time and decreased parameters related to observations. 

There are two principal methods to diminish features: feature selection and feature 

transformation.  Feature selection algorithms select a subset of features from the 

original feature set; on the other side, feature transformation methods map data from 

the original high-dimensional feature space to a new space of reduced dimension. The 

data were collected, by our colleague Dr Khairul Anam, using Flex comp Infiniti 

system for ten combined finger movements as shown in Figure 3.2. 

 

                Figure 3. 2: Ten targeted finger movements [75] 
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The data set is divided into three sections. Two of them were dedicated to training while 

the third part was used for testing. The main set of features, before reduction, was 5000. 

The features were selected using the training data, and the evaluation of the 

performance of the selected features was done on the test data. This algorithm called 

holdout validation. Another simple and widely used method for evaluating and 

selecting a model is cross-validation method. 

Filters are usually employed as a pre-processing step since they are fast and 

straightforward. A commonly used filter method for data was to apply a criterion where 

the P-value was computed for each feature as a measure of how useful it is at separating 

groups. The empirical cumulative distribution function (CDF) of the P values is plotted 

as shown in Figure 3.3. 

 

                       Figure 3. 3: CDF values versus P values 

35% of features had P values close to zero and over 50% of features had P values 

smaller than 0.05, meaning that there were more than 2500 features among the original 

5000 that had strong discrimination power. One could sort these features according to 

their p values and select some from the sorted list.  

The most straightforward way to decide the number of needed features was to plot the 

MCE (misclassification error, i.e., the number of misclassified observations divided by 

the number of observations) on the test dataset as a function of the number of features. 
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For the data used in this example, the holdout partition and the sizes of two groups 

dictate that the most considerable allowable number of features for applying quadrature 

discriminant analysis (QDA) was about 70. Now, MCE was computed for various 

numbers of features between 5 and 70 and showed the curve of MCE as a function of 

the number of features. To reasonably estimate the performance of the selected model, 

it was essential to use the training samples to fit the QDA model and compute the MCE 

on the test observations (blue circular marks in Figure 3.4) and resubstitution MCE (red 

triangles in Figure 3.4). 

 

                     Figure 3. 4: Misclassification Error 

The resubstitution MCE was over-optimistic. It consistently decreased when more 

features were used and dropped to zero when more than 60 features were utilised. 

However, if the test error increased while the resubstitution error decreased, then 

overfitting might occur. This simple filter feature selection method obtained the 

smallest MCE on the test set when 15 features were employed. The plot showed over- 

fitting began to occur when 20 or more features were used. The smallest MCE in the 

test set was 12.5%.  

The filter feature selection procedure was used as a pre-processing step since it was 

fast. More advanced feature selection algorithms improved the performance. 

Sequential feature selection was one of the most broadly implemented techniques. It 

selected a subset of features by sequentially adding (forward search) or removing 
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(backward search) until certain stopping conditions were satisfied. The result of 

forward selection using cross-validation is shown in Figure 3.5. 

 

                      Figure 3. 5: Forward Sequential Feature Selection 

The cross-validation MCE reached the minimum value when ten features were used 

and this curve stayed flat over the range from 10 features to 35 features. In addition, 

the curve went up when more than 35 features were implemented, which meant over-

fitting occurred there. It was preferable to have fewer features, so here ten features 

should be suitable. Figure 3.6 shows that the resubstitution MCE values were overly 

optimistic. Most were smaller than the cross-validation MCE values, and the 

resubstitution MCE went to zero when 16 features were employed. 

 

                         Figure 3. 6: MCE for resubstitution and cross folded (QDA) 
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If we replaced the classification methods, used in previous steps, by another 

technique like extreme learning machine, the error value was less than Quadratic 

Discriminant Analysis technique as shown in figure 3.7. The cross-validation MCE 

reached the minimum value when 12 features were used and this curve stayed flat 

over the range from 12 features to 32 features. Furthermore, the error increased when 

more than 32 features were utilised, which meant over-fitting occurs there. 

 

                        Figure 3. 7: MCE for resubstitution and cross-folded (ELM) 

We concluded that the resubstitution error was not an adequate performance estimate 

for evaluating and selecting features. We wanted to avoid using resubstitution error, 

not only during the final evaluation step but also during the feature selection procedure. 

Cross-validation MCE was considered as an accurate measurement of the selected 

features performance.  

3.3 Feature Learning 
 

In machine learning, feature learning or representation learning is a set of techniques that learn 

features by itself via transforming data input to a representation that can be exploited efficiently 

in machine learning tasks. Feature learning obviates the need for manual feature engineering, 

which is otherwise necessary. In another word, feature learning is to train the proposed model 

to learn how to learn [138]. The performance of any machine-learning model immensely 

depends on how convenient is the representation or feature to reveal any variation in the input 
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data. The learnt set of representations are considered as efficient ones in case of being able to 

extract discriminative information from any input data and capture the descriptive factors from 

input data. The motivation behind feature learning was to save both time and effort that were 

spent in manually extracting features, as manual extracting features techniques are incredibly 

dependent on user’s experience because each application has its own set of features that best 

extract discriminative information from input data. Features learning may be either supervised 

or non-supervised methodology. The supervised technique is due to the labelled data while the 

unsupervised one is because of unlabeled one. The supervised feature learning can be 

accomplished by supervised dictionary learning, multilayer perceptron and supervised neural 

networks. On the other side, the unsupervised feature learning can be executed by independent 

component analysis, autoencoder, matrix factorisation [139], many clustering techniques [140-

142], and supervised dictionary learning. In the following section, a brief demonstration of 

different feature learning techniques will be illustrated. 

3.3.1 Supervised learning 

As it was mentioned above, the term supervised learning is derived from labelled 

data, which have, the classes or targets  known in advance. 

 Supervised dictionary learning 
 

In this methodology, a set of features or representations were developed from the input 

data known as the dictionary. The established dictionary utilised each data point which 

was represented as a weighted sum of the dictionary representative elements. Both 

weights and dictionary representative elements were estimated via minimising the error 

across the input data with implementing sparsity whereby only a few number of data 

points have non-zero weights via hiring  regularisation approach. Therefore to 

improve the dictionary elements, further optimisation were applied by minimising the 

classification error through  regularisation algorithm [143].  
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 Neural networks 
 

Neural networks are prevalent in the field of feature learning and have been widely 

used. In our research, we implemented different types of neural networks for the 

purpose of feature learning. The inputs to the neural network were the data while the 

output represented the features. The structure of the network consists of the typical 

network, as it has an input layer, hidden layer, and output layer. However, the 

methodology of estimating the output was entirely different, when compared to 

classifier networks. Later in this chapter, more details will be demonstrated on neural 

networks. 

3.3.2 Unsupervised learning 

The unsupervised learning is associated with an unlabeled dataset where the user does 

not know the corresponding class or target for each data point. In case of unlabeled 

data, the feature learning objective is to capture the underlying or hidden descriptive 

factors in the input data. The data are then labelled, as each feature has its 

corresponding class and the entire process is known as semi-supervised learning [144]. 

Various approaches utilised for unsupervised feature learning will be illustrated in the 

following section. 

 K-means clustering  
 

K-means clustering is a technique where the unlabelled data are divided into clusters. 

Assume that we have a dataset with  vectors; each vector is mapped to a cluster based 

on estimating the mean value where each vector was mapped to the closest mean 

cluster. The feature generation can be easily estimated by applying several 

mathematical operations on the cluster. For example, but not limited to, the centroid of 

clusters is used to generate features as the clustering of the unlabeled data are mapped 

into different clusters. The geometric centre is computed for each cluster by adding  

binary features on each sample. In which the  feature equals to 1 in case of having its 
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centroid closest to the   cluster [140]. Furthermore, the distance to the cluster can be 

used as a feature and processed via radial basis function [145]. Researchers in the field 

of feature and deep learning recognised that aspects of the k-means features perform in 

a similar behaviour to sparse coding techniques [146]. Coates et al. concluded that the 

appropriate transformation of k-means competes for the performance of advanced 

restricted Boltzmann machine (RBM) and autoencoder in the field of image processing 

and classification  [140]. K-means showed a superior achievement in the area of 

Natural language processing [147]. 

 Principal component analysis  
 

The principal component analysis was illustrated in chapter 2 in details. It is a well-

known algorithm for dimensional reduction, where the dimension of unlabelled data is 

reduced linearly and transformed orthogonally to a new domain. PCA is adequate for 

highly correlated data. Whereas in the case of the uncorrelated data, the reduction leads 

to undescriptive factors as PCA presumes that the orientations of considerable variance 

are the orientations of the most interest, which may be not suitable in all situations. 

Furthermore, the original data set is transformed in an orthogonal direction. PCA takes 

advantage of the first and second moment only, which may not be satisfactory to 

generate descriptive factors from the data. The shortcomings of PCA implementation 

as feature learning impose limitations in its employment for feature learning purposes.    

 Local linear embedding (LLE) 
 

Local linear embedding is a methodology where the high dimensional data are reduced 

to a lower dimensional level while preserving the properties of the neighbourhood. LLE 

passes through two crucial stages to generate lower dimensional data. The earliest stage 

is called "neighbour-preserving" where the primary purpose is to maintain the 

geometric properties of the neighbourhood. At the neighbour-preserving stage, the data 

point input, , is restored by adding the weights of the k nearest neighbours whereby 
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the optimum weights values are computed via minimising the reconstruction error. The 

reconstruction error is estimated by the difference between the original data point and 

the restored. The last stage in LLE is the dimension reduction whereby the previously 

calculated optimised weights are utilised in the dimension reduction step. Using the 

same optimised weights in both stages, ensures the maintenance of geometric 

properties of the neighbourhood [148]. In comparison to PCA, LLE showed superior 

performance than PCA in the area of feature learning.    

 Independent component analysis (ICA) 
 

Independent component analysis is an approach whereby the features are learnt or 

generated by the weighted summation of the independent components of non-Gaussian 

distribution of the original data [149]. The hypothesis of non-Gaussian will not be 

applicable in any Gaussian distribution dataset, as the weights cannot be estimated.  

 Unsupervised dictionary learning 
 

Sparse coding is a convenient example of unsupervised dictionary learning, as it does 

not use labelled data to establish the dictionary elements. However, in sparse coding, 

the features or data representations are implied from the unlabelled data. The dimension 

of dictionary elements is more abundant than the dimension of the unlabelled data 

[150]. M. Aharon et al. proposed sparse learning algorithms  to learn the dictionary 

elements [151]. They applied a generalisation to K-means clustering technique to 

achieve a methodology known as K-singular value decomposition (K-SVD). K-SVRD 

was recruited to learn sparse representations from unlabeled data.  
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3.4 Deep Learning 
 

Deep learning is a promising algorithm that is defined by cascaded hidden layers. The prime 

objective of those cascaded layers is to learn the model, how to extract and transform features 

[152]. Deep learning may be known as deep machine learning, hierarchical learning or deep 

structured learning. Deep learning can be used for unsupervised learning as a pattern analysis 

method for unlabelled data or for labelled one. Deep networks contain an input layer, an output 

layer and in between layers which utilises processing for the input by either linear or nonlinear 

transformation [153-157]. Machine learning is the broad family and deep learning is considered 

as one class of the family [152]. The most vital step in deep learning is representing data, 

especially for low dimensional data. Deep learning will replace the traditional handcrafted 

feature extraction techniques, which depends on the user experience and application. This is 

will be achieved by a self-learning model from input training representations. Deep learning 

builds a hierarchical feature extraction system where it can be recalled for either semi-

supervised or unsupervised learning methods [158]. The neural network is considered as one 

of the most popular techniques that can be employed for the execution of deep learning. The 

neural network represents responses of the neuron, within the brain, towards any stimuli. Deep 

neural networks such as convolutional neural networks, deep belief networks, autoencoder and 

others are being implemented for executing deep learning in many fields. As for example but 

not limited to, image classification, audio and speech recognition, language processing and 

many biosignal. Image processing showed spectacular and promising results when 

implemented with deep learning techniques [159]. In brief, deep learning transforms the input 

representations through more profound and cascaded layers than the shallow algorithm where 

every layer has parameters such as neuron to be determined through training stage. 

 

The history of deep learning started in 1965 where Ivakhnenko et al. mentioned that the multi-

layer perceptron was hired to serve supervised learning [160]. Later in 1971, the researchers 

proposed a deep learning model of eight cascaded layers [161]. From this point, the neural 
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networks algorithm started to serve deep learning technique [162]. Another trial was created by 

LeCun et al. to apply backpropagation technique to recognise handwritten mail [163]. However, 

the simulation time was three days which is considered a long time relative to real-time 

applications. In 1993, other researchers applied a deep learning algorithm by using stacked 

recurrent neural networks. This proposal recalled a substantial number of subsequent layers, 

approximately 1200, which in turn consumed an extended simulation time. While other studies 

proposed two neural networks, the first one is to extract features, and the other one is for 

classification. In 1995 Carvalho et al. suggested implementing deep learning by using six layers 

with awake sleep algorithm [164, 165]. where the authors executed a deep learning system. 

However, it took about two days for the simulation. Many factors affected the long simulation 

time. One of those factors is the problem of vanishing gradient which was described in details 

in studies by Hochreiter et al. [166, 167]. 

Speech signal recognition by shallow or deep learning was studied for a long time [168-170]. 

However, none of the shallow or deep methods showed any improvement on Gaussian mixture 

Hidden Model [171]. The weakness that faced researchers during these days was vanishing 

gradient, the weak correlation between neural networks stages, the low capability of computers 

in these early days and low scale dimensional data as well [172, 173]. All these reasons led to 

avoid the hiring of deep neural networks for speech recognition purposes and preferring 

Gaussian mixture hidden model to it. Another useful technique for speech recognition is called 

long short-term memory (LSTM). This technique overcame vanishing gradient problem and 

could recall an event that happened from thousands of stages ago  [174]. Later a technique 

called connectionist temporal classification (CTC) and stacked with long short-term memory 

(LSTM) started to emerge [175]. This algorithm is implemented in google speech recognition 

which is currently existing in smartphones. 

The deep neural network is a ubiquitous technique used to execute deep learning concept as the 

deep neural network is a multi-hidden layer between input and output [176]. The traditional 

deep neural network is feedforward. However, both recurrent neural networks and long short-
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term memory showed superior performance for language modelling field [177]. The method of 

training the network can also follow back propagation. The essentials of implementing 

backpropagation and train neural networks are mentioned in [178, 179]. The backpropagation 

was standardised in 1993 to be used internationally [180]. The weights of backpropagation will 

be estimated via gradient descent stochastic method as shown below: 

 

(3.1) 

Where  is the learning rate,  is the cost function, and  is the stochastic term. 

Both cost and activation functions are strongly dependent on the type of learning either 

supervised or unsupervised. If we have supervised learning the common cost function will be 

cross entropy and softmax for activation function for multiclass. The softmax activation can be 

expressed as follows: 

 

(3.2) 

Where  is the probability of the output class for the  input,  is the  input,  is the total 

number of inputs and  is the  input. 

Moreover, cross entropy can be expressed as follows: 

 

(3.3) 

Where  is the targeted class and  is the actual output class [181]. 

The simulation time and overfitting are pervasive problems that may associate implementing 

neural networks in deep learning concept. Sparsity and weight decay are well-known 

techniques to reduce overfitting. A newer methodology called dropout is being applied to 

reduce overfitting. Whereby some hidden layers are omitted in a random manner [182].  



-102- 
 

 Convolutional neural networks are considered one of the most widely used neural networks in 

deep learning applications for two-dimensional data and visual one [183]. The networks contain 

of concatenated layers of convolutional where maximum pooling and tied weights are applied 

[184].  

Let us assume that we have the error function . Where error concerning neuron is identified 

as   .The chain rule to be applied to estimate the gradient component for each weight. This 

is the contribution for each term. 

 

(3.4) 

where  . We need to know  to estimate the gradient.  

) 

(3.5) 

Where   is the error of the current layer while the error of the previous layer can be estimated 

as follows: 

 

 

(3.6) 

The recursive neural networks are trained in a reverse method via differential algorithm [185] 

where weights are being estimated in a recursive manner [186]. Recursive neural networks are 

performed in natural language [187] and the tensor domain [188]. 
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Deep belief networks are composed of multilayers which are trained following unsupervised 

learning, and each layer is created by restricted Boltzmann machine [189]. The typical restricted 

Boltzmann machine that has weights matrix  of size , hidden units , visible 

units , bias weights for hidden units  and bias weights for visible units . 

The energy for this configuration can be estimated as follows: 

 

(3.7) 

Alternatively, the matrix domain can be represented as follows: 

 

(3.8) 

Where the probability distribution function for this configuration can be expressed by using 

energy function. 

 

(3.9) 

Where  is a normalising constant to ensure that the sum of all probability values will be equal 

to one. It can be estimated by the sum of all values of   that fit all possible configuration. 

The hidden and visible units’ functions are mutually independent. Assuming that  represents 

the total number of hidden units and  is the total number of the visible units. The conditional 

probability of the configuration of  visible units and  hidden units can be expressed as 

follows: 

 

(3.10) 
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Moreover, the conditional probability of  hidden units knowing  visible units is given by  

 

(3.11) 

So the individual probabilities can be expressed as 

 

(3.12) 

 

(3.13) 

Where  is the logistic sigmoid function. 

 

Automatic speech recognition is considered as a widely implemented deep learning application 

after hiring long short-term memory technique for recurrent neural networks [174]. Moreover, 

natural language was served by deep learning [190]. Also, deep learning showed a superior 

performance in image recognition where the researchers used MNIST dataset. They employed 

60000 handwritten digits as a training set and 10000 as a testing set. The best-achieved results 

were verified in [191] of error 0.23%. Drugs and toxicology recognition was classified by deep 

learning  [192]. The field of customer relationship management was classified by deep learning 

and showed a good performance [193]. Moreover, the recommendation systems implemented 

deep learning for extracting better significant features [194]. In the field of bioinformatics, the 

autoencoder was implemented as a deep learning to recognise gene ontology [195]. 
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3.5 Artificial neural networks 
 

Artificial neural network (ANN) is the artificial imitative of the natural brain. The neural 

networks consist of neurons, which are similar to axons in the natural brain. The neurons are 

linked by synapses, which are responsible for transmitting the signal between neurons. Figure 

3.8 show a simplified structure of natural brain while Figure 3.9 demonstrates the neural 

network structure. 

 

Figure 3. 8: The structure of natural brain [196] 

 

 

Figure 3. 9: The structure of neural networks 

The idea of neural network appeared in 1943 when two researchers implemented threshold 

logic to serve the mathematical model of neural networks [197]. This model sparked the field 

of neural networks and motivated researchers develop two different approaches. The first 

approach was understanding the behaviour of the biological brain whereas the second method 

was mapping this behaviour in artificial neural networks [198]. In 1949, Hebb proposed an 
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unsupervised learning model which was later known as Hebbian learning algorithm [196]. 

Calculators are considered the first implementation of Hebbian networks into real applications 

[199]. In 1956, other researchers suggested different neural networks computation techniques 

[200]. The perceptron concept was first introduced in 1958 where it was mainly employed for 

pattern recognition. The perceptron has two layers that use basic mathematical operation as 

addition and subtraction [201] then backpropagation was presented by Werbos in [202]. In the 

same context, researchers found that the simple perceptron was not able to execute executive 

OR and the ability of the computers, within this period, was not capable of managing larger 

neural networks [203]. 

 

The artificial neuron is counted as a reduction to the natural neuron. Each artificial neuron has 

an input, an output and a cell body. Synapses establish the connection between either input and 

cell body or output and cell body. The artificial neuron multiplies several inputs by adaptive 

weights then integrates them to the output.  

Assume that we have a neuron  receives an input  from the antecedent neurons; this 

neuron contains four main functions [204]. 

 An activation function . The activation function can be linear, ramp, 

sigmoid, Gaussian or others [205]. 

 A threshold function  that can be adapted based on the learning function. 

 A new activation function  at certain time  that can be estimated via the 

combination of activation function , threshold function  as well as 

input   

 , ) 

(3.14) 

     The output function  that computes the output from 

activating  the artificial neuron  
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The connection between consecutive neurons can be managed by applying weights. Assume 

that we have two successive neurons, where  is the ancestor neuron while  is the inheritor one. 

The connection between  and  is allocated a weight . 

The propagation function counts the input of a neuron   by recruiting both the output of 

the antecedent neuron  along with the weights . 

 

(3.15) 

The learning task is considered as the most critical stage in neural networks. A cost function is 

assigned to the network whereby the primary objective of this cost function is to find a solution. 

This should be close to the optimum solution and charge the lowest cost function over the data.  

 

3.5.1 Neural networks architecture  

The artificial neurons can be connected in many forms to establish the different 

architectures of the network. Different network architectures will now be demonstrated. 

 Single layer feedforward networks 
 

Single layer feedforward network is considered a modest architecture as it has only an 

input layer and output layer. The input layer has no reckoning as it evades the inputs to 

the output without any further processing. Figure 3.10 displays the single layer network 

architecture. 

 

                           Figure 3. 10: The single layer feedforward networks architecture [206] 
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 Multilayer feedforward networks 
 

This architecture is more complicated than the single feedforward idea as it has single 

or multi-hidden layers that contain multiple numbers of neurons. As it is clear that this 

network can be implemented to solve advanced problems rather than the single 

approach [206]. The multi-layer network may be fully connected or not fully 

connected. In the fully connected network, every neuron is connected to each other of 

the next layer, while in the case of not fully connected, not all neurons are joined to the 

neurons of the subsequent layer. Figure 3.11 and figure 3.12 show the fully connected 

and not fully connected network architecture respectively. 

 

                       Figure 3. 11: The multi-layer fully connected feedforward networks      
architecture [206] 

 

                 Figure 3. 12: The multi-layer not fully connected feedforward networks 
architecture [206] 
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 Recurrent networks 
 

The recurrent network has at least one feedback loop from the output of the neuron to 

the input of another neuron. The feedback may exist between neurons in the same layer 

or between neurons of different layers. Furthermore, the feedback may occur between 

the same neuron as the output is returned to the input of the same neuron. Figure 3.13 

illustrates the architecture of recurrent artificial neural networks. 

 

                       Figure 3. 13: The recurrent network's architecture [206] 

 Lattice networks 
 

The lattice network is formed by an array of neurons whereby no limitations can be 

applied to the dimensions of the array. The input neuron should be connected to all the 

neurons of the array. Figure 3.14 demonstrates the architecture of the lattice networks 

with three by three network. 

 

                            Figure 3. 14: The lattice networks architecture [206] 

3.5.2 Neural networks learning techniques 

The learning techniques are the approaches which are used to learn and estimate the 

values of the network weights that best match the application. It provides results with 
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lowest cost function. Three prime methodologies are used to learn weights, which are 

supervised learning, unsupervised learning and reinforcement learning. Some brief 

demonstration will be illustrated on the three approaches in the following section. 

 Supervised learning 
 

In the supervised learning approach, the classes or targets of data are known 

beforehand. The objective of the learning technique is to find the best function for 

mapping the inputs with lowest cost function [207]. Assuming that we have an input 

data  where  and equivalent are known in advance classes  where  the 

main purpose of the learning is to find the function  that leads to  with the 

lowest cost function. One of the widely used cost functions is the mean square error 

one. This function estimates and reduces the error between network output   and 

targeted classes  to its lowest values. The cost function can be reduced via various 

techniques including gradient descent to find the local minimum of the function. The 

gradient descent can be accomplished via multilayer perceptron following 

backpropagation procedure. Speech recognition, pattern recognition, handwritten 

letters and motion recognition are all examples of supervised learning. 

 Unsupervised learning 
 

In the unsupervised methodology, the targeted classes are unknown. With the 

assumption that we have a data  while cost function is a function of  and output of 

the network . The cost function to be reduced to its lowest values following various 

techniques. where it is strictly dependent on the data input. The cost function can be 

any function including the mean square error. Assume that we have data input  and 

the network model is represented by  where a is a constant the cost function 

can be estimated via mean square error  and to be reduced to its 

minimum value. Another cost function like posterior probability and mutual 

information between  and   however, these functions should be increased to its 
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maximum values and minimised. Clustering and statistical distributions are examples 

of unsupervised learning. 

 Reinforcement learning 
 

Reinforcement learning is considered the most challenging approach as it does not have 

a data input. However, observations, targets and cost function are generated by 

cooperation between a mediator and the surrounding environment. At each time , the 

observation , target  and cost function  are generated while the objective is to 

minimise the cost function. The environment is modelled as  Markov decision process 

(MDP) that has states  and actions . The interaction 

between model and a mediator results in generating three probability distribution 

functions. The first produced probability distribution is the observation distribution 

 while the second is the cost distribution  and the third is the transition 

between states distribution . The corporation between those three 

distributions establishes a Markov chain (MC) that minimise the cost function. 

Artificial neural networks are always used with the reinforcement learning [208, 209]. 

Moreover, ANN with dynamic programming [210] is important in solving multilinear 

problems for different fields  [211-214]. Nearly all sequential decision-making problem 

utilises reinforcement learning. 

Following the types of artificial neural networks that were mentioned above, some of the widely 

applied networks will be illustrated concisely in the following section 

 Autoencoder  
 

Autoencoder is a widely used feed-forward artificial neural network. However, the 

output has the same number of input, as its objective is to reconstruct the input at the 

output. Autoencoder is known as Diabolo network or autoassociator [153, 215]. The 

autoencoder contains an input layer, output layer and one or more hidden layers, using  

a similar architecture to the multilayer perceptron (MLP). The target from autoencoder 
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is to reconstruct the input at the output, not like MLP, therefore it follows the 

unsupervised learning algorithm. In our research, we implemented autoencoder as a 

feature learning layer to learn features from surface electromyography signals for ten-

finger movements  [216]. More details will be demonstrated on this study in chapter 4. 

The autoencoder was utilised in many different applications as for learning generative 

models by Kingma et al.  [217, 218]. And for dimension reduction alongside efficient 

coding [219, 220]. 

 Probabilistic neural network 
 

The probabilistic neural network (PNN) is another example of feedforward neural 

network with four layers. It has the input, output and hidden layer in addition to a 

summation or pattern layer. The probability density function for each class is estimated 

via non-parametric algorithm along with Bayes approach to assigning a class with the 

highest posterior probability [221]. As PNN employs the Bayesian procedure, it is 

deduced from the Bayesian network [222] and a kernel model with linear discriminant 

analysis [223]. The major fields of applications are both pattern recognition and 

classification. 

 Time delay neural network 
 

Time delay neural network (TDNN) is a typical example of feedforward networks that 

use continuous data as an input to learn features from the input stream of data.  A time 

shift or delay is encountered on every data sample to allow analysing multiple data 

points at the same time and learn features from them. TDNN connections weights are 

trained via backpropagation like perceptron networks. TDNN uses supervised learning 

for pattern recognition applications. 
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 Convolutional neural networks 
 

Convolutional neural network (CNN) is a category of feedforward network that is 

applied for image processing. Convolutional neural networks are mainly driven by the 

animal visual cortex [224] whereby an only a small amount of neurons respond to the 

stimuli. Due to this convolutional neural network is one of the least pre-processing 

networks in comparison with other image processing and classification algorithms 

[225]. The convolutional network consists of an input layer, numerous hidden layers 

and output layer. The hidden layers are pooling, convolutional, normalisation and 

others. The convolutional neural network provides the opportunity to learn features 

from input images with less number of parameters than the other fully connected 

feedforward neural networks. It examines the tiling region size of the image rather than 

the whole image size [226]. Primary fields of applications are video and image 

recognition [194] and [215] respectively.   

 

 Radial basis function networks 
 

Radial basis network (RBN) is a network that uses radial distance in referring to the 

centre. The radial basis function replaces the sigmoid activation function in the hidden 

layer for multi-layer perceptron. The activation function in RBN is usually a Gaussian 

one. Radial basis network has three layers, the input, the hidden and the output layer. 

The input layer is for transforming the inputs to the domain of the hidden layer. 

Whereas the hidden layer implements nonlinear activation function. And the output 

utilising the linear cooperation between hidden layer values to anticipate the output 

mean value in case of regression problem [145, 227]. However, in case of classification 

problem, the output activation function is a sigmoid one with a linear amalgamation 

for the posterior probabilities of hidden layer values. The radial basis network is similar 

to multi-layer perceptron as both avert looking for local minima because both networks 
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have one master concern, which is mapping the hidden layer to the output one. In radial 

basis network, it is preferred to link each data point to its centre, which in return 

guarantees a perfect coverage of radial basis function to the input domain. While it may 

cause overfitting that can be overcome by applying shrinking methods.  

The input can be expressed as  while the output of network can be estimated 

as following 

 

(3.16) 

Where  represents the number of neurons in the hidden layer,  signifies the weight 

for the  neuron in the output layer and  denotes the centre vector for the  

neuron. The radial basis function is commonly computed as Gaussian.  

 

(3.17) 

Where the Gaussian is local to each centre vector as follows: 

 

(3.18) 

 Self-organising map  
 

Self-organising maps (SOM) are the conventional back propagation recurrent neural 

networks. SOM is trained by using unsupervised learning technique to generate lower 

dimension data that make it very suitable for dimension reduction applications. The 

unsupervised concept arises from presenting any input to the network which does not 

require associating this input to its equivalent output. Self-organising map follows 

competitive learning, and not error correcting algorithm. Where all the neurons 

compete to respond to a subset of the input where only one neuron will activate and 
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will be the winner neuron among the grid of neurons. Sometimes the self-organising 

map is called Kohonen in relating to the professor Teuvo Kohonen who was the first 

to introduce SOM [228-230]. The self-organising map usually operates in two patterns 

either training or mapping. The training model generates the map based on input data 

while the mapping is to transform input data into the relevant class. Moreover, in the 

training pattern, the distance between vectors in high dimensional space is kept close 

to the lower dimensional space. This topology in self-organising map networks are 

known to preserve its topological properties for the original data. We implemented self-

organising map techniques as deep learning to learn features from the input bio signal 

to classify ten finger movements [231].  

3.6 Signal representation 
 

Biosignals can be called any signals that were collected from any medical source or living 

organism. The collection of biosignal can be done at the tissue scale, cell scale or molecular 

scale. The biosignal normally records the electrical activity of an organ or for muscles. 

Electroencephalogram (EEG) represents the electrical activity of the brain while the 

electrocardiogram (ECG) represents electrical activity of heart and electromyogram (EMG) 

represents electrical activity of any muscle. The biosignal can be recorded for many reasons. It 

can be collected for diagnosis or analysing the muscles behaviour. However, biosignals can be 

considered as other signals that show high fidelity. Moreover, biosignals always follows the 

recruitment of a multichannel, which in turn carries more challenges with different signal 

processing techniques. The main purpose of signal processing and representation is to expel 

any noise that may be superimposed on the main signal and represent the signal in a manner 

that reveals any feature that might be hidden in the signal respectively. Noise exists on 

biosignals by default from the surrounding environment or from any device involved in 

collecting these signals. Power cables generate electromagnetic interference are also considered 

as noise. In general, Biosignal can be either continuous or discrete. Each of this type can be 

either predictable, random, fractal or messy. 
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The predictable signal can be expressed in the form of the biosignal with additive white 

Gaussian noise as mentioned in equation (3.19) 

 

(3.19) 

A good example of predictable type biosignal is electrocardiogram or electromyogram. The 

main purpose of this predictable bio signal is to extract features that help in classifying each 

case and correlating between the biosignal and pathological cause. 

Both electroencephalogram and R-R interval for electrocardiogram can be considered as good 

examples for random biosignals. The absence of its morphology mainly characterises random 

biosignal apart from the predictable signals. The indiscriminate or chaotic biosignal can be 

either static, which means there are no variations versus time or non-stationary due to its 

variations with time. The fluctuations with time may be indicative of a particular event. This 

event can be speculated by extracting features. Heart rate is an excellent example of the fractal 

signal, as the signal will not change by applying magnification or scaling techniques. The messy 

or chaotic signal is the most challenging signal to be predicted as its variations follow a 

nonlinear model. Subsequently, the chaotic signal can be resembled by a random signal that is 

being generated by a time-variant model.  

The biosignal can be divided into a stationary and non-stationary signal. Each of this category 

has its analysis technique, which will be demonstrated in the following section.  

Dividing the stationary bio signal into different frequencies is a common analysing algorithm. 

This algorithm can be employed by either fast Fourier transforms, periodogram method or 

parametric approach. In the following section, some of the essential signal representations 

algorithms will be presented. The primary signal representation approaches that will be 

displayed are spectrogram, wavelet and wavelet packet. 
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 Spectrogram 

The spectrogram is the representation of the spectrum frequencies representing certain 

biosignal. Numerically, spectrogram can be measured by calculating the square of the 

magnitude of Short-Time Fourier Transform (STFT). It is called short-term Fourier 

transforms rather than spectrogram. In short time Fourier transforms the long-time 

signal is divided into equal length segments and shorter in time.  Short time Fourier 

transforms is relevant to Fourier transform. Then, the frequency and phase for each 

segment needs to be estimated separately. Based on the above, we can conclude that 

spectrogram can be considered as Fourier transform but for shorter segments rather 

than from the entire signal [232]. 

Assume that we have a discrete time signal  with a finite duration (limited signal) and 

a number of samples . The Discrete Fourier Transform (DFT) can be expressed as 

follows: 

   ,  

(3.20) 

Knowing that the Fourier transform is estimated at frequency  

The original signal  can be restored back to by applying the inverse Discrete Fourier 

Transform as follows: 

,        

(3.21) 

The two equations mentioned above can be rephrased as follows:  

 

 

(3.22) 

 

(3.23) 

Where  is Fourier matrix of   dimensions and  is its complex conjugate  
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Where the entrees of  are expressed in terms frequencies coefficients   

 

(3.24) 
 

We need to calculate the spectrogram of the signal. Assume that we have a signal  of 

length  which is divided into successive equal segments  where . The matrix 

of successive equal segments can be expressed as  where . The first 

column of   matrix equals  and its second column 

equals . The spectrogram for a signal  with window size  

can be annotated . The columns which are composing matrix  is the discrete Fourier 

transform  

 

(3.25) 

 

(3.26) 

The rows of the matrix  are representing the signal  in the time domain while its 

columns are representing the signal  in the frequency domain. Thus a simply 

spectrogram is a time-frequency representation for the signal . 

The spectrogram was used in many applications especially for speech signal analysis 

where Mergu et al. represented the speech signal by different representations for 

example, Fourier and spectrogram to conclude that the resolution is mainly dependent 

on used representations [233]. Some researchers estimated the time corrected version of 

rapid frequency spectrogram of the speech signal that showed a better ability to track 

the variations in the signal than other published techniques[234].  
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 Wavelet 

Wavelet is estimated by shifting and scaling small segmentations of the biosignal. 

Fourier transform is a representation of the signal as a sinusoidal wave with different 

frequency while wavelet is representing the abrupt changes of the signal. Fourier 

transform is considered as a better representation of the signal in the case of having 

smooth signals, while wavelet is believed to be a better representation, than Fourier, for 

the sudden changing signal. Since wavelet provides the opportunity to represent rapid 

variations of the signal and hence, help the system extract more discriminative features.  

So in brief wavelet is an analysis for time series signal that has non-stationary power at 

many frequencies [235]. Assume that we have a time series signal  with equal time 

spacing  and  where the wavelet function is  that depends on 

time . The wavelet signal has zero mean and is represented in both time and frequency 

domain [236]. Morlet wavelet can be estimated by modulating our time domain signal 

by Gaussian as follows: 

 

(3.27) 

Where  is the frequency of the unmodulated signal. The continuous wavelet of a 

discrete signal  is convolutional of  with scaled and shifted version of  

 

(3.28) 

Where * is the complex conjugate and  is the scale. 

The wavelet transform was applied in several studies and different fields. as Lau et al. 

implemented  wavelet in Geophysics field [237]. where wavelet implemented for 

climate [238, 239]. And for weather [240, 241]. The above equation can be simplified 

by reducing the number of . The convolutional theorem permits to estimate  
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convolutional in Fourier domain by implementing Discrete Fourier Transform (DFT). 

The Discrete Fourier Transform for .  

 

(3.29) 

Where  which is representing the frequencies. For a continuous 

signal ) is defined as . Based on the convolutional theorem, the inverse 

Fourier transform is equal to wavelet transform as follows: 

 

(3.30) 

Where the angular frequency  can be expressed as follows: 

 

   
(3.31) 

or 
 

   
(3.32) 

 
An improved copy of wavelet algorithm was recalled in [242] where the authors 

presented two techniques. The first method used expansion factors for filtering while 

the other approach was factoring in wavelet transform. Researchers introduced the 

Morlet wavelet to vibration signal of a machine [243]. The vibration signal of the low 

signal to noise ratio was represented by wavelet to grant fidelity to the signal and allow 

extraction better characteristic features.  This model was implemented in [244] where 

researchers used wavelet transform to predict early malfunction symptoms that may 

happen in the gearbox.   

 Wavelet packet 

The signal can be represented in both time and frequency domain simultaneously. This 

representation gains a fidelity to the signal due to its robust representation. Wavelet 
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packet is one of the very widely used signal representation that produces the signal in 

both time and frequency domain [245]. The wavelet packet shows a very well acted for 

both nonstationary and transient signals [246-248]. Linear combination of wavelets 

estimates wavelet packet. The coefficients of linear combination are calculated by 

recursive algorithm [249].  The wavelet packet estimation can be done as follows: 

Assume that we have two wavelets type signal ,  and two filters of length . 

Let us assume that the following sequence of functions is representing wavelet 

functions. 

 

(3.33) 

 

(3.34) 

 

(3.35) 

Where  is the scaling function,  is the wavelet function. 

                    and               

(3.36) 

The above equations became  

 

(3.37) 

And  
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(3.38) 

Where is the scaling function,  is the Haar wavelet 

function. 

Many researchers implemented wavelet packet as Han et al. used wavelet packet to 

create an index called rate index to detect the damage that may happen to the structure 

of any beam [250]. In the same context, Wu et al. employed wavelet packet and neural 

networks to detect the fault in the combustion engine [251].   

3.7 Data Augmentation 
 

Data Augmentation is a technique that robustly invades the field of data mining and processing 

for regression and classifications purposes. Data augmentation denotes the techniques that may 

be used to generate iterative samples. The created latent samples are introduced to the original 

data to produce a high dimensional set. The new generated augmented data is used in training 

for the suggested model. Data augmentation algorithms become numerous and manipulation 

between them to obtain high accuracy results and at the same time, implementing the modest 

and rapid algorithm is an ordinary matter of talent. The proper selected data augmentation 

technique drives the accuracy values to a highly dramatic level. Researchers developed an 

approach to combine, search and select the best augmentation scheme between deterministic, 

marginal and conditional different augmentations methodologies. This approach is applied to 

three different classes of systems to attain the most efficient for sampling technique [252]. 

Augmentation may be applied in two domains; the first domain is data domain while the second 

is feature domain [253]. Many types of research demonstrated the art of data augmentation by 

generating numerous training samples [254-257]. Other researchers focused on the advantage 

of data augmentation and how it might act as an organiser to prevent overfitting associated 

during training of neural networks [258, 259] and develop the execution to avoid problems that 

may be correlated with the classes that are not represented equally [260]. 
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Researchers in the field of data augmentation achieve higher accuracy values and enhance the 

performance of the classifier. A punch of distorted and warped samples of characters are 

generated by data augmentation technique [261]. This was not the only example of creating 

deformed samples of characters [262]. Where the malformed samples are generated randomly. 

This methodology was extended to be applied to backpropagation neural networks and reduced 

error rate to 0.4% on MNIST database [258]. Later, the researchers followed two augmentations 

techniques [253]. The first applied augmentation technique was data wrapping or data 

augmentation on input MNIST dataset before being introduced to convolutional neural 

networks. The output features from neural networks were augmented in feature domain. They 

employed support vector machine, extreme learning machine and backpropagation neural 

networks as classifiers whereby the error percentage ranged from 2.25% to 0% for training 

samples.  

In the same context, data augmentation was hired by generating virtual samples [263]. 

Generally speaking, the virtual samples can be generated by the two techniques. The first 

methodology depends on generating virtual samples from relevant information. For example, 

in the field of image processing and recognition, we can generate virtual samples from the same 

image by producing a 3D view which in turn helps in creating virtual samples for the same 

image from different angles [264-268].  

 

Let us assume that we have a dataset  where  represents the original training 

samples. Where  and . Assuming that we have a previous information 

, and we need to map our training set to the new domain. So, if we have a convert equals 

, the data set  will be transformed via this conversion equation to generate virtual samples 

. The generation of mathematical transformation  and  is mainly depended 

on the previous information which may result in either simple or complex transformation 

formula while the second algorithm depends on adding noise to the original signal [269].  
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Most of the techniques that were used to create virtual samples suffer a lack of combining 

reasonableness and adaptability simultaneously. Accordingly, we followed an algorithm to 

generate virtual Gaussian samples. This method calculated the mean and standard deviation for 

Gaussian distribution. Then the virtual samples could be generated following this technique, 

and finally, the virtual generated sample was added to the original set [270]. 

 represents the original data set belongs to . The first  samples 

of the data set is continuous while the  samples are discrete. A  random variables are 

generated by Gaussian algorithm  for the first  consecutive samples knowing that 

 represents the mean and  represents the standard error. However, for the samples  that 

are assigned to be discrete ones, the values will not be transformed, and to keep the consistency 

between the discrete and continuous part, we generated random variables for the discrete part 

by using   with  equals zero. 

3.8 Tensor 
 

A tensor can be defined as a multidimensional array concerning a basis; however, for a vector, 

it can be represented as a single dimensional array for the same basis. In brief, tensors can be 

evaluated as a multi-dimensional vector. Tensors can be deemed as a mathematical method to 

represent values in a multi-dimension matrix. They are considered the complete version of a 

matrix, vector and scalar. Therefore, matrix, vector and scalar can be measured as sub-

components of a tensor. The generation of tensor can be done by following transformation laws. 

Tensors are characteristics by having various coordinates systems. So the coordinates systems 

with its transformation laws will be analysed in the following section. 

Assume that we have  where  So by substituting the different values of  we 

can get  values of  in a  dimensional space . Moreover for the set of  can 

be expressed as  for  dimensional coordinates. In the same context, keeping 

the same transformation laws for  to  leads to the following transformation equation. 
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 (3.39) 

The above equation creates an independent relation between the two different coordinates  

and  for . As long as the relation is kept independent, it can be recalled for 

transformation. 

The Jacobin first order partial transformation will be estimated as follows: 

 

(3.40) 

 With an inverse transformation   

 

 

In brief both equations (3.39) & (3.41) can be expressed in the notation formula as follows: 

                           

(3.42) 

 

                           

 (3.43) 

 can be concluded from  and  can be deduced from  by recalling transformation. Assume 

that  and  . The transformations are represented by ,  and  where 
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          or          

          or          

 

 can be deduced by the product of both  and  

      or     

        by considering    

Where ,  and  represent the first, second and third coordinates transformations 

respectively. 

3.9 Classifier fusion 
 

In our research, we applied many optimisation techniques that were capable of improving the 

results. One of the implemented algorithms was classifier fusion. The results for our 

implemented systems will be discussed in chapters 4, 5, 6 and 7. However, in this section, a 

brief discussion will be presented on classifier fusion.   Various classifier fusion approaches 

were developed that led to a substantial enhancement in the classification results. One of these 

techniques is the classifier fusion. Fusion concept can be applied to three levels either data level 

and called data fusion, feature level and named feature fusion or classification level and termed 

classifier fusion. The first two fusion techniques are beyond our scope while the classifier fusion 

will be illustrated in the following section. Classifier fusion has two approaches. The first 

approach works on classifier itself and keeps improving classifier performance by searching 

for the best combination of classifier sets once the best performance found the results could be 

released. Therefore, this method is used to select the best combination of classes and no results 

had been released before finding the targeted mixture [271-273]. The second scheme depends 

on the classifier output and not the classifier itself as the foregoing technique [274-277]. 

Dynamic classifier selection (DCS), classifier structuring and grouping and hierarchical 

mixture of experts (HME) are considered as from classifier fusion approaches where the fusion 
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methods work on improving classifiers rather than the results by implementing optimisation 

techniques on the classifiers.  

 Dynamic classifier selection 

Dynamic classifier selection is considered as one of the most straightforward classifier 

fusion techniques as it applies more than classifier and selects only one classifier, which 

leads to the best performance. Consequently, the output of DCS is only one classifier 

rather than a mixture of classifiers as it follows the best local classifier method. One of 

the widely used technique in DCS is dynamic classifier selection local accuracy (DCS-

LA) process where the input is divided into partitions, and the best local classifier for 

each partition is estimated. Furthermore, the final decision can be computed by 

allocating an unknown sample to a partition, and the best local classifier for this 

partition represents the final decision. Another DCS scheme is to estimate a regression 

model for each partition in the training phase then a dynamic decision function is 

assigned to the testing phase. DCS is a time-saving and straightforward classifier fusion 

technique. This approach was used in this study with describing the results in chapters 

4, 5, 6 and 7. 

 Classifier structuring and grouping 

The fusion methodology implements different functions between classifiers. one of the 

most common technique is organising combination function in either parallel or 

sequential order and get their results simultaneously in the case of parallel arrangement 

only. Besides, another more sensible strategy where all classifiers are arranged into sets 

and different fusion approaches are applied to each set individually. Additionally, the 

classifiers can be maintained in a hierarchical order, and different fusion functions can 

be applied on each stage including dynamic classifier selection one. Accordingly, 

various algorithms for combining classifiers and fusion techniques can be implemented 

into different methods. However, the variety of combined classifiers implemented 
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techniques and the training data should be taken into consideration as these factors may 

significantly affect the results [278]. Moreover, the fusion algorithm can achieve a 

substantial improvement in the results through minimising the uncertainty in the 

information [279].  

 Hierarchical mixture of experts 

The hierarchical mixture of experts is another technique for classifier fusion where the 

classifiers are arranged in a tree structure such that each leave represents an expert. The 

method of structuring classifiers can affect performance results. The output from each 

node is divided then gathered by a gating network. This approach recalls Bayes rule by 

increasing the posterior probability then adjust the combination of classifiers. HME 

achieved a superior performance when compared to backpropagation neural networks 

in the field of robotics dynamics [272]. The only drawback of HME is that it may lead 

to a very complex structure of classifiers combination in the instance of a large dataset. 

3.10 Summary 
 

The major objective of this study was introduced in this chapter. The topics of feature selection 

and deep learning with neural networks were intensely discussed. Various types of neural 

networks strategy were presented. Signal representation as spectrogram, wavelet and wavelet 

packet were demonstrated along side data representation techniques like data augmentation and 

tensor. Classifier fusion was finally discussed, as it will be used in the proposed models detailed 

in the next chapters. Chapter 4 will present and discuss the implementation of autoencoder as 

deep learning to classify ten finger movements. Chapter 5 will illustrate the benefits of applying 

principal component analysis and independent component analysis as feature learning 

methodologies to classify ten finger gestures. Chapter 6 will discuss the results of employing 

self-organising map networks for the purpose of deep learning execution to classify ten finger 

movements. Chapter 7 proposes deep learning as a tool for different biosignal data. It achieved 

excellent results by virtue of its data augmentation and tensor representation with classifier 
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fusion. Lastly, Chapter 8 will have the thesis summary, recommendations for future work and 

conclusion. 
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CHAPTER 4 

Evaluation of Auto Encoder Deep learning for biosignal 
 

In this chapter we develop a deep learning model that is capable of achieving high accuracy 

results and of learning features without external intervention. As feature extraction plays a role 

inbiosignal processing, we need to choose one of two paths to identify and select features in 

any system. The most popular approach is to choose features manually, which heavily depends 

on user experience and the field of application. The other path is feature learning, which 

depends on training the system to recognise and pick the best features that match the 

application. The overall concept of feature learning is to create a model that is expected to be 

able to learn the best features without any human intervention. Here, autoencoders will be 

utilised as a feature learning algorithm to train the recommended model to extract useful 

features from surface electromyography signals. Deep learning method will be presented by 

using autoencoders to learn features. Wavelet packet, spectrogram, and wavelet approaches will 

be employed to represent the surface electromyography signal in the recommended model. 

Then, the newly represented biosignal will be fed to a stacked autoencoder (2 stages) to learn 

features. Finally, the behaviour of the proposed algorithm will be estimated by using different 

classifiers such as the extreme learning machine, support vector machine, and softMax layer. 

The rectified linear unit (ReLU) will be applied as an activation function for the extreme 

learning machine classifier, besides existing functions such as sigmoid and radial basis 

functions (RBF). Confidence intervals and analysis of variance will both be estimated for the 

different classifiers. As a comparative study, the signal representations will be superimposed to 

compare the results with each representation individually. The classifier fusion layer will be 

implemented to select the classifier that will lead to the best accuracy’ values for both testing 

and training. The proposed model and the previous work that was done will be explained in 

Section 4.2. The experimental setup along with the results will be presented in Section 4.3. A 

discussion will be provided in Section 4.4, followed by a summary in Section 4.5.   
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4.1 Implementation of Auto Encoder Deep learning for biosignal 
 

In this section, the suggested autoencoder deep learning model will be explained. Figure 4.1 

shows the procedures of the recommended system.  

 

 

 

                          Figure 4. 1: Procedures for sparse autoencoder signal representation 

In the proposed model, the autoencoder is a feed-forward neural network that is used in feature 

learning. The implemented neural network is trained to learn features and produce them as its 

output, rather than generating classes as in case of using the classification ability of the 

implemented neural network. A stack autoencoder is implemented, which consists of two 

successive encoder stages. The input to the encoder is the data whereas the output is the features 

or representations. The classifier uses features produced from the encoder as an input, its output 

is the classes’ equivalent to the classes of the input data [280]. In the same context of feature 

learning, the autoencoder generates useful features, rather than producing classes, by decreasing 

the dimension of the input data. However, the new lower dimensional data will be dealt with as 

the new features that contain essential and discriminative information on the data, which will 

help in better classification results. Sparse autoencoder enhanced to leverage the availability of 

discriminative data as it is trained to learn the useful features. As a comparative study, the three 

data representations are superimposed and input to the first layer of the autoencoder as shown 

in Figure 4.2 
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     Figure 4. 2: Procedures of superimposed signal representations suggested model 

In the suggested model shown in Figure 4.2, the biosignal is represented by using spectrogram, 

wavelet and wavelet packet methods simultaneously and fed to the cascaded encoder layers. 

The classifier layer followed the second layer of the autoencoder for evaluating overall system 

performance. K nearest neighbours (KNN), support vector machine (SVM), softmax and 

discriminant analysis (DA) are used for the classification task. A classifier fusion layer is then  

employed to select the best local classifier. In brief, this study aims to present and analyze the 

planned model by introducing a surface electromyography signal that was previously collected 

by my Dr Khairul Anam. In this study, trials are performed to establish the feasibility of deep 

learning in the field of biosignals and to enumerate the techniques that might be employed to 

improve the system behavior. The effectiveness of both different signal representations along 

with classifier fusion will be highlighted. Moreover, this effectiveness on enhancing the 

suggested system performance and promoting the results to a higher accurate level will be 

investigated.  

4.1.1 Previous work  

In this research, we will suggest a deep learning system that will be capable of 

providing essential features from the input signal without recourse to traditional feature 

extraction and reduction algorithms. The suggested system will be skilful in classifying 

the ten hand finger motions.  The classification of different Finger motions was 

discussed earlier in many published scientific types of research. The early pattern 

recognition for finger movements was proposed in [281] where the researchers 

Data Representation 
(Spectrogram+ 
Wavelet+ wavelet 
Packet) 

Classifier 

(SVM, KNN, 
DA and 
Softmax) 

Classes Features  

Classifier 

Fusion 

Input Raw 
Data  

Best Local 
Classifier 

Auto Encoder 
Layer 2 

Auto Encoder 
Layer 1 



-133- 
 

suggested using neural networks in analysing and classifying the introduced EMG 

pattern. They classified both finger movement and joint angle associated with moving 

fingers. Later, in [282] the authors investigated and optimised configurations between 

electrode size and arrangement to achieve high classification accuracy. Then, in [283] 

the researchers gave more attention to selecting extremely discriminative features by 

employing Fuzzy Neighbourhood Preserving Analysis (FNPA), where the main 

purpose of this technique is to reduce the distance between the samples that belong to 

the same class and maximise it between samples of different classes. Other researchers 

explored traditional machine learning algorithms. And, used time domain features and 

implement support vector machine, linear discriminant analysis and k-nearest 

neighbours as different classifiers. Then, they took advantage of genetic algorithms to 

search for redundancy in the dataset and selected features [284]. In the same context, 

authors proposed an accurate finger movement classification system by extracting time 

domain-auto regression features, followed by reducing features by using orthogonal 

fuzzy neighbourhood discriminant analysis technique. And they implemented linear 

discriminant analysis as a classifier [285]. Other researchers suggested an accurate 

pattern recognition system for finger movement by extracting 16 time domain features. 

The extracted features process the electromyography signals and implementing two- 

layer feedforward neural networks as classifiers [286]. In contrast, effort and time spent 

in feature extraction and reduction motivated the introduction of deep learning. Many 

researchers published valuable achievements in deep learning for biomedical signals. 

An extensive review study was presented on different types of research that used deep 

learning in health field [287]. The common factor in each study was the implementation 

of neural networks to learn features from input biosignals. In the same context, 

researchers proposed a model by using convolutional neural networks to convert the 

information which was given by a wearable sensor into highly related discriminative 

features [288]. Other research presented a deep learning record system that predicted 

future medical risk automatically after extracting essential features by implementing 
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convolutional neural networks [289]. Also, researchers implemented a system that was 

used to extract shallow features from wearable sensor devices, then the features were 

introduced to convolutional neural networks, and finally to the classifier layer [290]. 

Based on the above, we can conclude that deep learning is an initial step towards 

implementing a self-learning system by using neural networks. In our proposed system, 

neural networks will be implemented in the form of a two stage autoencoder that reads 

biosignals represented biosignal by either spectrograms, wavelets or wavelet packets. 

Different classifiers to evaluate the proposed system behaviour will be used. Finally, a 

classifier fusion layer will be added, which will follow the best local classifier 

methodology. Adding classifier fusion will be a promising contribution to the accuracy. 

Moreover, both confidence intervals and analysis of variance will be estimated for 

different classifiers. 

4.2 Experiments and Results 
 

In this part, the data acquisition methods we followed will be expressed more extensively.  The 

experiment setup, including biosignals filtering and amplification will be revealed. The 

autoencoder layers’ settings, classifiers and classifier fusion layer will be presented. And 

simulation outcomes will be shown and discussed. 

4.2.1 Data Acquisition 

Biosignals were obtained from nine healthy subjects: seven males and two females. 

The age of participants was between 24 years and 60 years. No subjects were suffering 

from any muscle disorder and they were normally limbed. The participants’ arms were 

fixed to avoid motion, which would affect the acquired signal quality. Surface 

electromyography signals were read by using a FlexComp Infiniti™ device. Two 

sensors were placed on the forearm of the participant of type T9503M. The placement 

of two electrodes on a participant's forearm is as shown in Figure 4.3. 
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                  Figure 4. 3: Placement of electrodes [75] 

The collected signal was amplified by a gain of 1000 and sampled at frequency 2000 

Hz. The obtained signal was processed in Matlab (R2015a) that was installed on a 

desktop computer with Intel Core i5-6500 and CPU 3.20 GHz. The computer had 8 GB 

of RAM and running the Windows 7. A bandpass filter, Butterworth third order, was 

implemented for the frequency range from (20 to 500 Hz). A notch filter was applied 

of second order at frequency 50 Hz to suppress any 50 Hz interference signals. 

The electromyography signal was used to categorise between predefined ten-finger 

motions, as shown in Figure 4.4, via the suggested model. 

 

         Figure 4. 4: Targeted ten different finger motions [75] 

Each participant performed one finger movement for five seconds then had a rest for 

another five seconds. Each finger motion was repeated six times. The same sequence 

was repeated for the second finger activity. Three-fold cross-validation was applied to 

the electromyography signal. Accordingly, 2/3 of the collected data were assigned to 

the training set whereas the remaining 1/3 was used as the testing set. The average 

training or testing accuracy was estimated by simulating our proposed model for every 

subject individually and then summing the accuracies for all subjects and dividing the 

result by the total number of subjects. 
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4.2.2 Signal Representation 

Three signal representations were applied to the raw biological data to ensure fidelity 

and precision of the biosignals. Introducing raw data directly in the first autoencoder 

stage resulted in accuracy less than 50%. The first data representation was the 

spectrogram for the raw biosignal, whereas the second signal representation used was 

the wavelet of the signal. As an improving step, we scaled the wavelet signal by five, 

which in turn enhanced the results as shown in Table 4.1. As a comparative study, we 

utilised wavelet packets for the signal representation. The signal can be represented in 

both the time and frequency domain simultaneously. This representation added fidelity 

to the signal due to its robust representation. In this study, two paths were implemented. 

The first path was applying each signal representation individually and estimating the 

accuracies for each case, and the second path was to superimpose the three 

representations and calculate the accuracy.  

4.2.3 Results 

For both models, 400 nodes were used for the first layer of autoencoder and 300 nodes 

for the second one. The number of nodes were selected after applying different 

experiments to compromise between simulation time and accuracy.  The transfer 

function of the encoder was the pure linear type. Table 4.1 shows autoencoder feature 

learning testing and training accuracy for the individually implemented signal 

representations where the biosignal was represented by spectrogram, wavelet, wavelet 

scale 5 and wavelet packets. Three different classifiers were applied. The first was a 

SoftMax layer whereas the second classifier was an extreme learning machine. The 

performance of various activation functions for the extreme learning machine classifier 

were examined, including sigmoid, the rectified linear unit and radial basis functions. 

The third classifier was the support vector machine. The performance of linear support 

vector machine, quadratic support vector machine, cubic support vector machine, fine 

Gauss support vector machine, medium Gauss support vector machine and coarse 
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Gauss support vector machine were studied. The best support vector machine that 

showed the greatest classification ability was selected to be the implemented support 

vector machine. 

Table 4. 1: Autoencoder testing and training accuracy for individual signal representation 

Signal 
Representing 

Average 
Training 
Accuracy 

Average 
Testing 
Accuracy 

Classification 
Algorithm  

Simulation 
Time 

Spectrogram 95% 73% SoftMax 
Layer 

830.93 
Seconds 

Spectrogram 95.5% 79.14% ELM 
(Sigmoid) 

379.10 
Seconds 

Spectrogram 95.5% 82.78% ELM 
(ReLU) 

379.54 
Seconds 

Spectrogram 97.237% 83.56% ELM (RBF) 
 

353.756 
Seconds 

Spectrogram 89.48% 77.27% Cubic SVM 1000.409 
Seconds 

Wavelet 91.42% 45.71% SoftMax 
Layer 

210.04 
Seconds 

Wavelet 79.95% 59.88% ELM 
(Sigmoid) 

265.23 
Seconds 

Wavelet 83.62% 64.73% ELM 
(ReLU) 

276.149 
Seconds 

Wavelet 81.98% 62.70% ELM (RBF) 
 

257.83 
Seconds 

Wavelet 70.29% 52.29% Linear SVM 341.57 
Seconds 

Wavelet 
(Scale 5) 98.85% 82.13% SoftMax 

Layer 
668.355 
Seconds 

Wavelet 
(Scale 5) 95.65% 85.416% ELM 

(Sigmoid) 
402.647 
Seconds 

Wavelet 
(Scale 5) 96.98% 86.827% ELM 

(ReLU) 
276.697 
Seconds 

Wavelet 
(Scale 5) 95.59% 85.58% ELM (RBF)  444.067 

Seconds 
Wavelet 
(Scale 5) 96.55% 83.85% Cubic SVM 495.124 

Seconds 
Wavelet 
Packet  98.69% 84.176% SoftMax 

Layer 
429.52 
Seconds 

Wavelet 
Packet 93.3% 86.79% ELM 

(Sigmoid) 
419.27 
Seconds 

Wavelet 
Packet 96.42% 89.41% ELM 

(ReLU) 
419.27 
Seconds 

Wavelet 
Packet 95.59% 87.78% ELM (RBF) 

 
540.22 
Seconds 

Wavelet 
Packet 98.16% 89.707% Quad SVM 579.713 

Seconds  

 

From the results shown above, it can be found that the classification ability of the 

extreme learning machine was outstanding in this application for all signal 

representations except for wavelet packets. Both quadratic support vector machine, and 

extreme learning machine with the rectified linear unit as an activation function, 

showed very close performance to wavelet packets. Extreme learning machine was 

improved when the sigmoid activation function was replaced by radial basis functions 
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and the rectified linear unit. The rectified linear unit activation function for extreme 

learning machine achieved superior behaviour than radial basis functions and sigmoid 

activation functions for wavelet, wavelet scale 5 and wavelet packet. However, the 

rectified linear unit offered better performance than sigmoid and lower accuracy than 

radial basis function for spectrogram. 

Cubic and Quad support vector machine results in good testing accuracy for wavelet 

scale 5 and wavelet packet only. Simulation time for the support vector machine is 

relatively longer than other compared classification algorithms. SoftMax layer resulted 

in very poor classification for the wavelet signal representation, as the testing accuracy 

was less than 50%. Softmax proved its classification ability for wavelet scale 5 and 

wavelet packet. 

Figure 4.5 illustrates different P values for different classifiers resulted from ANOVA 

calculation, and Figure 4.6 shows confidence intervals for each classifier where it was 

calculated twice. One was with wavelet and the other was without wavelet. The yellow 

bars were calculated for different classifiers with three signal representation methods 

(wavelet scale5, wavelet packet and spectrogram). Blue bars were estimated for 

different classifiers with four signal representation methods (wavelet, wavelet scale5, 

wavelet packet and spectrogram). The narrowest interval was 2.53% for the extreme 

learning machine. The widest was 6.10% for support vector machine, and softmax layer 

interval reached 5.77%. 

 

                Figure 4. 5 : ANOVA values for different Classifiers for individual signal 
representation 
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Figure 4. 6: Confidence Intervals for used classifiers for individual signal representation 

A layer of classifier fusion was concatenated after classification layer. The function of 

this added layer is to nominate the best-implemented classifier based on the outcomes 

of accuracies values. This added classifier fusion layer in return enriched the accuracies 

as displayed in Table 4.2. On the other hand, adding the classifier fusion layer increased 

the simulation time. 

Table 4. 2: Autoencoder classifier fusion testing and training accuracy for individual signal 

representation 

Signal 
Representing 

Average 
Training 
Accuracy 

Average 
Testing 
Accuracy 

Classification 
Algorithm  

Simulation 
Time 

Spectrogram 99.53% 91.05% Classifier 
Fusion 

2118.846 
Seconds 

Wavelet 96.99% 86.80%   Classifier 
Fusion 

745.67 
Seconds 

Wavelet 
(Scale 5) 99.24% 89.02% Classifier 

Fusion 
1378.41 
Seconds 

Wavelet 
Packet  98.70% 92.25% Classifier 

Fusion 
1656.724 
Seconds 

 

The same signal was implemented for both models (individual signal representation 

and superimposed signal representation). A sample of this biosignal is displayed in 

Figure 4.7. Figure 4.7 represents the electromyography signal collected for ten-finger 

gestures, where the y-axis represents the EMG signal in volts versus time in 

milliseconds. 
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                       Figure 4. 7: Electromyography signal for ten-finger movements 

Table 4.3 shows the results of implementing two cascaded autoencoder layers as the 

deep learning technique for three-fold cross-validations. Table 4.4 exhibits the results 

of executing two cascaded autoencoder layers as the deep learning technique for ten-

fold cross-validations. The biosignal was represented in spectrogram, wavelet and 

wavelet packet representations simultaneously. 

Table 4. 3: Training and testing accuracies for three-fold cross validations for superimposed 
signal representation 

Training Accuracy          Testing Accuracy  Classifier 
98.01% 86.55% Support Vector Machine 
97.58% 84.28% Discriminant Analysis 
98.78% 87.63% K nearest Neighbours 
97.35% 81.25% SoftMax 

 

Table 4. 4: Training and testing accuracies for ten-fold cross validations for superimposed 
signal representation 

Training Accuracy          Testing Accuracy  Classifier 

97.89% 86.21% Support Vector Machine 
97.32% 83.78% Discriminant Analysis 
98.01% 87.24% K nearest Neighbours 
96.86% 80.67% SoftMax 

 

For the three-fold cross-validations, the k nearest neighbours showed the highest testing 

accuracy while softmax showed the lowest capability of classifying the input biosignal. 

Support vector machines showed a high testing accuracy whereas discriminant analysis 
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showed a moderate one. The behaviour of the proposed model did not change 

significantly towards the ten-fold cross-validations as shown in Table 4.4. The raw data 

were introduced directly into the first layer of the autoencoder, without applying any 

signal representation. The testing accuracy was less than 50%. This low value ignited 

the idea of applying different types of signal representations. 

Classifier fusion implementation increased the testing accuracy to reach 90.75% for 

three-fold cross-validations and 90.50 % for ten-fold cross-validations where the 

classifier fusion layer followed the best local classifier technique. 

The simulation time that was consumed to train the network was on the average 450 

seconds, however, it took 1.2 seconds to test the trained network. 

The testing accuracies for different classifiers were calculated versus window size. The 

window size values vary from 50 milliseconds to 500 milliseconds. As shown in Figure 

4.8, the highest testing accuracy was achieved at window size 200 milliseconds. 

Furthermore, the four classifiers behave in the same manner with regard to testing 

accuracy versus window size. Therefore, all of our testing accuracies were calculated 

at window size 200 milliseconds to obtain the highest testing accuracy. 

 

                         Figure 4. 8: Testing accuracy versus window size for superimposed signal 
representation 

4.2.4 Comparison between the proposed model with other researchers’ achievements 

In this section, we will compare between the proposed model with other researchers 

achievements for the same dataset. The same dataset had been used before by 

researchers in [79] who targeted the same ten finger movements combinations. The 
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scholars developed an adaptive wavelet extreme learning machine (AW-ELM) for 

classification. The authors employed a pattern recognition model and compared the 

results of AW-ELM to both sigmoid and wavelet activation functions for an extreme 

learning machine. The dataset that was implemented in the autoencoder deep learning 

model is identical to that utilised in this pattern recognition model where the 

researchers followed the stages that are shown in Figure 4.9.  

 

Figure 4. 9: Architecture of pattern recognition with AW-ELM  

The two-channel dataset was filtered and windowed with a window length 200 ms and window 

increment 25 ms. Afterwards, the time domain features were extracted. The authors applied 

sample skewness (SS), slope sign changes (SSC), number of zero crossings (ZC) and waveform 

length (WL). Autoregressive (AR) and Hjorth time domain (HTD) parameters were also 

estimated. The extracted features were reduced by applying spectral regression discriminant 

analysis (SRDA). After that, the researchers used the reduced features for classification. The 

authors applied extreme learning machine for classification along with executing adaptive 

wavelet, sigmoid and wavelets as activation functions. Finally, for evaluation performance and 

statistical analysis, the P value between AW-ELM and two other classifiers were calculated 

after estimating ANOVA. The authors changed the number of hidden nodes in extreme learning 

machine neural networks from 50 to 500. Table 4.5 elucidates the average testing accuracy 

values for three activation functions while changing the number of nodes in the extreme 

learning machine. 
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Table 4. 5: Average testing accuracy for three activation functions  

Accuracy %   

         # Hidden Node 

                                                             W-ELM                                      AW-ELM                                        Sig-ELM 
50 91.07 ± 0.17 91.57 ± 0.08 91.65 ± 0.08 
75 91.56 ± 0.14 91.93 ± 0.14 91.97 ± 0.10 

100 91.79 ± 0.10 92.05 ± 0.09 92.01 ± 0.08 
125 91.90 ± 0.08 92.08 ± 0.09 92.03 ± 0.10 
150 91.49 ± 0.11 92.06 ± 0.10 92.04 ± 0.10 
175 91.98 ± 0.09 92.06 ± 0.09 92.04 ± 0.08 
200 91.99 ± 0.08 92.04 ± 0.08 92.01 ± 0.06 
500 91.79 ± 0.08 91.56 ± 0.06 91.37 ± 0.06 

 

Table 4.6 shows the processing time in seconds for training and testing sets. Table 4.7 

illustrates the P value for AW-ELM with other activation functions. 

Table 4. 6: Average processing time for ELM with different activation functions 

# Hidden                                               Training Time (s)                                                                Testing Time (s) 

Node                           W-ELM             AW-ELM               Sig-ELM                   W-ELM                AW-ELM                Sig-ELM 
50 0.16 ± 0.01 0.19 ± 0.02 0.12 ± 0.00 0.03 ± 0.00 0.06 ± 0.00 0.01 ± 0.00 
75 0.28 ± 0.01 0.33 ± 0.01 0.19 ± 0.00 0.06 ± 0.01 0.07 ± 0.00 0.02 ± 0.00 
100 0.38 ± 0.02 0.45 ± 0.02 0.27 ± 0.01 0.07 ± 0.00 0.10 ± 0.00 0.02 ± 0.00 
125 0.59 ± 0.05 0.70 ± 0.06 0.48 ± 0.07 0.09 ± 0.00 0.14 ± 0.00 0.03 ± 0.00 
150 0.71 ± 0.01 0.81 ± 0.01 0.51 ± 0.01 0.12 ± 0.00 0.19 ± 0.01 0.04 ± 0.00 
175 0.93 ± 0.06 1.06 ± 0.05 0.69 ± 0.05 0.14 ± 0.00 0.22 ± 0.00 0.04 ± 0.00 
200 1.07 ± 0.08 1.22 ± 0.05 0.85 ± 0.06 0.17 ± 0.00 0.26 ± 0.00 0.05 ± 0.00 
500 4.20 ± 0.08 5.42 ± 0.08 2.82 ± 0.10 0.75 ± 0.01 1.28 ± 0.01 0.12 ± 0.00 

 

                    Table 4. 7: P-value for AW-ELM and other activation functions 

#Hidden 
Node 

 
AW-ELM & W-ELM 

P-value 
AW-ELM & Sig-ELM 

50 0.0000 0.0000 
75 0.0000 0.1283 

100 0.0000 0.0006 
125 0.0000 0.0610 
150 0.0000 0.3477 
175 0.0021 0.5746 
200 0.0098 0.0552 
500 0.0000 0.0000 

 

The highest testing accuracy that was achieved by the AW-ELM pattern recognition 

model was 92.08 ± 0.09, whereas the deep learning autoencoder attained accuracy 

92.25% for the testing set and 98.70% for training set. In AW-ELM, the feature 
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extraction was manual and differed according to the application. For the deep learning 

model, the suggested scheme was able to learn features by itself regarding the 

application, which in turn saved user’s time and effort. Regarding the simulation time, 

AW-ELM authors achieved 0.70 ± 0.06 seconds for training and 0.14 ± 0.00 seconds 

for testing. The deep learning autoencoder consumed a long simulation time in the 

training phase, 1656.724 seconds for training the network, and spent less than 1.5 

seconds for testing. The P-value for the deep learning autoencoder implemented 

classifiers showed values more than 0.05, which meant that there was no substantial 

difference between the used classifiers. For the AW-ELM pattern recognition scheme, 

P values attained were 0.0610 for AW-ELM and sig-ELM. This value meant that there 

was no considerable difference between the two employed activation functions. 

Besides, P-value reached 0.0000 for AW-ELM and W-ELM that showed a significant 

difference between two activation functions. As AW-ELM achieved a substantial 

improvement in the accuracy values.  

 

4.3 Discussion 
 

Sparse autoencoder is an algorithm with only one hidden layer. Therefore, to establish the 

concept of deep learning, and take advantage of stacking more than a layer, a stacked 

autoencoder was implemented that led to verifying the deep learning concept and enriching the 

results accuracy. In addition, applying some signal representations such as spectrogram, 

wavelet and wavelet packets, instead of using raw biosignal. And then the output of these signal 

representation was introduced to the first stage of autoencoder enhanced the performance of the 

system. The extreme learning machine showed  satisfactory performance on the level of testing 

accuracy and simulation time. Softmax layer classification resulted in the most mediocre testing 

accuracy although it consumed longer simulation time than the extreme learning machine. 

Support vector machines produced excellent testing accuracy but consumed more simulation 

time. Applying signal representations such as spectrogram, wavelet or wavelet packets 
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improved both training and testing accuracy. As both accuracies were much less than 50% when 

we fed first stage autoencoder by raw data. Multiplying wavelet scale by 5 enhanced the results. 

In conclusion, applying any signal representation, either in the time domain, frequency domain, 

or both, had a good impact on our training and testing accuracies. The rectified linear unit was 

introduced as an activation function for extreme learning machines besides already existing 

functions such as radial basis function and sigmoid. The rectified linear unit was superior in its 

testing accuracy to both radial basis function and sigmoid one for wavelet, wavelet scale 5 and 

wavelet packet signal representations. It resulted in lower testing accuracy than radial basis 

functions but better than the sigmoid for spectrogram signal representation.  

Calculating ANOVA gave us an indication on how close or far was different classifiers. The 

computation of confidence interval with confidence score 60% gave us the upper and lower 

accepted accuracies. Adding a classifier fusion layer was very helpful in improving the 

percentages of our accuracy in either the training set or the testing set. However, it consumed 

significant simulation time in comparison to that consumed without fusion layer. 

For the superimposed signal representation model, the raw biosignal was represented by 

spectrogram, wavelet and wavelet packet simultaneously and then the represented signal was 

introduced to the first layer of autoencoder. The output of this layer would be treated as features 

to be considered as the inputs of the second layer of autoencoder. Afterwards, the suggested 

model was evaluated by four classifiers (KNN, Softmax, SVM and DA). K nearest neighbours 

showed superior performance to the other three implemented classifiers where the testing 

accuracy reached 87.63%. Support vector machine was a good classifier as well in which the 

testing accuracy was 86.55%. Softmax resulted in the least classification capability as it was 

81.25%. Classifier fusion improved the result as the testing accuracy achieved 90%. The 200 

ms window size led to obtaining the highest testing accuracy. In conclusion, deep learning was 

an initial step towards saving effort and time wasted in extracting and reducing features as it 

learnt, by itself, the best features suitable for the application under examination. In addition, 

since feature extraction and reduction methods varied according to the application, feature 

extraction and reduction algorithms were not fixed and needed more experience. In other words, 
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deep learning systems should be adaptable to any set of data if the data were accurate and well 

represented. This objective brought a new challenge on the scene in regards to representing the 

data. The data should be represented in a high precision way to expect a good result from 

implementing deep learning techniques. 

 

4.4 Summary 
 

The implementation of two-stage autoencoder, for the purposes of deep learning, was 

presented. The raw biosignal was introduced directly to the first stage of autoencoder and led 

to an accuracy less than 50%. However, by executing different signal representations either 

individually or simultaneously boosted the accuracy to values more than 80%. Many classifiers 

were recalled support vector machine, and k nearest neighbour classifiers were superior for 

individual signal representation deep learning and simultaneous signal representation deep 

learning respectively. The best local classifier technique, based on dynamic classifier selection 

criteria, was followed to select the highest accuracy achieved by a classifier. The 

implementation of classifier fusion layer boosted the results, for some signal representations to 

be over 90% and for the simultaneous signal representation deep learning model as well. Both 

the ANOVA and confidence interval was estimated for individual signal representation deep 

learning model. As it was mentioned earlier that the primary objective of this research is to 

implement a robust deep learning model that should be capable of learning features for any 

biosignal input and achieve high accuracy values, therefore, all the following chapters will be 

in the light of this context. The executed deep learning autoencoder model showed a superior 

behaviour regarding the accuracy value. Furthermore, the proposed deep learning scheme did 

not require any manual feature extraction algorithms, as the suggested system was able to learn 

features by itself. However, the planned deep learning model consumed long simulation time 

in training the network while it spent a short time in the testing phase. The long simulation time 

was the principal motivation that led us to implement principal and independent component 

analyses for feature learning as will be illustrated in the following chapter. Chapter 5 will 



-147- 
 

discuss the implementation of principal and independent component analysis for feature 

learning purposes. Moreover, chapter 6 will demonstrate the evaluation of self-organising map 

network as a deep learning suggested model. In addition, chapter 7 will illustrate the execution 

of data augmentation along with tensor representation for deep learning implementation. 

Eventually, chapter 8 will summarise the thesis and will recommend future work 
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CHAPTER 5 

Evaluation of PCA and ICA Feature Learning for Biosignals 
 

Supervised learning is considered to be a highly limited technique despite being applied in 

different applications. Most of the applications require manual feature extraction by using 

different algorithms. Whenever the feature representation is good, classification error should 

be expected to be low. A good representation means that the primary objective is to represent 

the data by using discriminative features. However, manual feature extraction is still exhausting 

and time-consuming. Many suggested feature learning techniques may be applied to enhance 

feature representation automatically and save time and effort. The principal evaluation of the 

performance of applied feature learning techniques is the classification error. In this chapter, 

principal component analysis and independent component analysis will that implements as 

feature learning techniques to teach the model learn the features from the input data. A deep 

learning approach will be proposed by implementing either PCA or ICA to learn features. In 

the proposed model, the raw data will be read then represented by using different signal 

representations such as the spectrogram, wavelet and wavelet packets. 

 

The new represented data will be introduced to the principal component analysis layer or the 

independent component analysis layer to generate features. The performance of the suggested 

scheme will be evaluated by applying different classifiers such as the support vector machine, 

extreme learning machine, and discriminant analysis classifiers. To improve the results, a 

classifier fusion layer will be implemented to select the most accurate result for both the training 

and the testing set. Moreover, the Manhattan index will be estimated for the PCA learnt features 

to reduce the number of features used. Feature reduction is done by selecting the highest 50 

Manhattan index  features. The objective of assessing Manhattan index is to use a lower number 

of features, which in turn means lower simulation time while maintaining the same accuracy 

values. A discussion of the proposed model will be presented in Section 5.2. The experimental 
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setup along with the results will be explained in Section 5.3. Conclusions will be presented in 

Section 5.4, followed by a summary in Section 5.5.    

 

5.1 Implementation of PCA and ICA feature learning for biosignal 
 

In this section, the suggested feature learning model will be explained. Figure 5.1 shows the 

procedures of the recommended system.  

 

 

 

Figure 5. 1: Procedures of the suggested PCA feature learning model 

In the proposed model, PCA is a dimensional reduction layer that is used in feature learning. 

The raw data are introduced to the data representation phase where the output is the represented 

data. Three data representation schemes are implemented. The first is the spectrogram, the 

second is the wavelet, and the third is the wavelet packets. The input to the PCA layer is the 

represented data version of the raw data whereas the output is the features. The classifier uses 

features produced from the PCA layer as an input whereas its output is the classes’ equivalent 

to the input data. A classifier fusion layer is employed to select the best local classifier. The 

PCA layer is replaced by an ICA layer as shown in Figure 5.2.  

 

 

 

Figure 5. 2: Procedures of the proposed ICA feature learning model 
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5.1.1 Independent component analysis 

ICA was mentioned in brief in Chapter 3. However, more detailed information on ICA 

will be explained in this section. ICA is a mathematical or computational 

transformation that seeks a new linear transform that decreases linear dependency 

between two components [291]. ICA is convenient in separating linearly combined 

independent sources. For example, the electroencephalograms (EEG) signals that can 

be collected using multi-electrode from the scalp. One of the favourite applications of 

ICA is the "cocktail party effect". The cocktail party effect is merely separating the 

sounds of people who are talking simultaneously in a noisy room [292]. Listening to 

the voice of an individual in a noisy place can be done merely by assuming that each 

subcomponent is a non-Gaussian distributed signal and the subcomponents are linearly 

independent. The cocktail party effect gives the opportunity to focus on one speaker 

only within a noisy room with mixing sounds in the background [293]. Two main 

problems are controlling the cocktail party effect. The first is recognising a particular 

voice within mixing voices, in other words, which signals are being used by humans to 

distinguish a specific voice within a noisy room. This problem is solved by making a 

machine that mimics the human abilities. The second problem is the composition of the 

previously selected signals, where the listener will be able to differentiate between the 

mixed voices [294]. 

5.1.2 Manhattan index 

The Manhattan index is a suggested technique that can be used in selecting features to 

avoid redundancy and save simulation time.  

Manhattan Index= Manhattan distance/Standard deviation 

The Manhattan distance is just the distance between the projection of each point on the 

horizontal and the vertical axis. 

The Manhattan index should be calculated for each feature. Then, the features will be 

selected according to the value of the index. The top 50 features will be selected. Those 
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features correspond to the highest Manhattan index value. By combining these 50 

features with each other, we guarantee that redundancy of features is in its minimum 

value. 

5.2 Experiments and Results 
 

In this section, the PCA and ICA layers’ settings, classifiers and classifier fusion layer will be 

presented. The simulation outcomes will be presented and discussed. The data acquisition, 

filtering, amplification, and experimental setup were identical to that explained in Chapter 4. 

5.2.1 Results 

Three classification algorithms were implemented, where the first was the support 

vector machine, the second was the extreme learning machine and the third was the 

discriminant analysis. The accuracy for six different types of SVM (Linear SVM, Quad 

SVM, Cubic SVM, Fine Gauss SVM, Medium Gauss SVM and Coarse Gauss SVM) 

was compared. Also, the results of linear and quadrature discriminant analysis were 

compared. Table 4.1 shows the accuracy values for both training and testing sets for 

the PCA layer feature learning for the three classifiers.  

                            Table 5. 1: PCA training and testing accuracy  

Signal 
Representation 

Average 
Training 
Accuracy 

Average 
Testing 
Accuracy 

Classification 
Algorithm  

Spectrogram 99.5324% 80.2595% Support  Vector 
Machine 

Spectrogram 90.984% 77.527% Extreme Learning 
Machine 

Spectrogram 90.437% 77.368% Discriminant 
Analysis 

Wavelet 99.7138% 81.124% Support  Vector 
Machine 

Wavelet 94.0476% 86.607% Extreme Learning 
Machine 

Wavelet 88.666% 81.128% Discriminant 
Analysis 

Wavelet Packet  98.4172% 88.9014% Support  Vector 
Machine 

Wavelet Packet 98.0166% 87.78% Extreme Learning 
Machine 

Wavelet Packet 98.42% 88.15% Discriminant 
Analysis 
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It is clear from the results that are shown in Table 5.1 that using the wavelet packets as 

a signal representation generated a higher testing accuracy than both the wavelet and 

spectrogram. The wavelet had a higher testing accuracy than the spectrogram and had 

a lower testing accuracy than the wavelet packets.  The support vector machine 

achieved a higher classification ability for both the spectrogram and the wavelet 

packets than its classification ability in the wavelet signal representation.  On the other 

hand, the extreme learning machine was superior to the other classification techniques 

for the wavelet signal representation. The classifier fusion layer was added, where it 

selected the best local classifier by using dynamic classifier selection algorithm. Both 

the training and testing accuracies were improved as shown in Table 5.2. 

                      Table 5. 2: Classifier fusion training and testing accuracy for PCA 

Signal 
Representation 

Average 
Training 
Accuracy 

Average 
Testing 
Accuracy 

Classification 
Algorithm  

Spectrogram 98.014% 82% Classifier Fusion 
Wavelet 98.42% 87.5% Classifier Fusion 
Wavelet Packet  98.5% 90.318% Classifier Fusion 

 

The testing accuracies were improved by adding classifier fusion, where the wavelet 

packets testing accuracy exceeded 90%. The wavelet testing accuracy became higher 

than 87%, and ultimately, the spectrogram became 82%. In comparing Table 5.2 results 

with Table 5.1 results a conclusion can be reached that the classifier fusion improved 

results. The only drawback for the classifier fusion was increasing the simulation time 

as it became relatively higher than that without implementing a classifier fusion. 

However, the simulation time consumed by PCA as feature learning is short. The 

number of features learnt for each data representation is different as shown in Figure 

5.3. Where the spectrogram had 387 features, the wavelet had 300 and the wavelet 

packets had only 60 features. The idea of estimating the Manhattan index for features 

and selecting the highest 50 index features estimated when the results in Table 5.1 were 

analysed. Despite having the most abundant number of features for the spectrogram 
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data representation, the accuracy values were lowest among the other two signal 

representations. This result established the fact that the larger number of features would 

not necessarily lead to a higher accuracy value. Moreover, the combination of features 

should be done while avoiding redundancy.  

 

                      Figure 5. 3: Number of learnt features for each data representation 

Finally, the top 50 Manhattan index 50 features were selected from the PCA feature 

learning algorithm after calculating the Manhattan index for each feature. The SVM 

was employed as a classifier for 50 features where the results are as shown in Table 

5.3. 

        Table 5. 3: Feature indexing training and testing accuracy 

 

 

 

Limiting the number of learnt features did not affect both the wavelet and the 

spectrogram testing accuracies substantially. However, it was more influential on the 

wavelet packets testing accuracy as it was reduced by almost 5%. 

On the other hand, the PCA layer was replaced by ICA for feature learning where the 

results are as shown in table 5.4. 

 

 

All Features 50 Features  
Signal 
Representation 

Average 
Training 
Accuracy 

Average 
Testing 
Accuracy 

Average 
Training 
Accuracy 

Average 
Testing 
Accuracy 

Spectrogram 99.5324% 80.2595% 95.076% 78.566% 
Wavelet 99.7138% 81.124% 97.493% 80.404% 
Wavelet Packet  98.4172% 88.9014% 98.2063% 84.18% 
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                                        Table 5. 4: ICA training and testing accuracy 

Signal 
Representation 

Average 
Training 
Accuracy 

Average 
Testing 
Accuracy 

Classification 
Algorithm  

Spectrogram 98.5833% 81.8564% Support  Vector 
Machine 

Spectrogram 96.7432% 80.2148% Extreme Learning 
Machine 

Spectrogram  98.45205% 79.4678% Discriminant 
Analysis 

Wavelet 98.0557% 84.375% Support  Vector 
Machine 

Wavelet 96.89135% 83.4235% Extreme Learning 
Machine 

Wavelet 98.0394% 82.52346% Discriminant 
Analysis 

Wavelet Packet 96.55% 85.249% Support  Vector 
Machine 

Wavelet Packet 98.0166% 85.827% Extreme Learning 
Machine 

Wavelet Packet 98.54% 84.473% Discriminant 
Analysis 

 

The wavelet packets signal representation resulted in the highest testing accuracy for 

the three classifiers whereas the spectrogram had the lowest testing accuracy. 

The classifier fusion layer was added, where it selected the best local classifier by using 

the dynamic classifier selection algorithm. Both the training and testing accuracies 

were improved as shown in table 5.5. 

Table 5. 5: Classifier fusion training and testing accuracy for ICA 

Signal 
Representation 

Average 
Training 
Accuracy 

Average 
Testing 
Accuracy 

Classification 
Algorithm  

Spectrogram 98.6% 83.4037% Classifier Fusion 
Wavelet 99.4963% 83.55468% Classifier Fusion 
Wavelet Packet 98.6066% 86.06283% Classifier Fusion 

 

The classifier fusion layer improved the accuracy values for the three signal 

representations. However, the wavelet signal representation accuracy was not amended 

as other two representations whereas the spectrogram along with the classifier fusion, 

approached the wavelet accuracies. The wavelet packets performance was improved 

after using the classifier fusion layer. Moreover, wavelet packet was the superior signal 

representation that matched the application either with implementing classifier fusion 

layer or not.  
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5.2.2 Comparison between the proposed model with other researchers’ achievements 

In this section, we will compare between the proposed model with other researchers 

achievements for the same dataset. The dataset that was used for the PCA and the ICA 

feature learning was utilised by the authors in [81]. The researchers implemented a 

pattern recognition model that was able to expect any shift that occurred to the electrode 

location as well as a change in muscle strength. Moreover, the authors proposed a 

scheme that should be capable of adaption any alteration. The authors attempted to 

reduce the gap between the laboratory results and the real-life application results. The 

researchers used the online sequential extreme learning (OS-ELM) for classification 

where the input training data were introduced segment by segment and classification 

was completed in three phases. The first phase was offline classification, whereas the 

second one was adaptation and the third phase was online classification. The authors 

applied the same filtering and sampling rate as the proposed deep learning models used 

in chapter 4 and 5. Moreover, the researchers applied three-fold cross-validations. The 

same ten classes that were classified in chapter 4 and 5 were the targeted classes for the 

researchers of this pattern recognition scheme. The window size was 100 ms, and the 

authors followed the same scenario regards the extracted and reduced time domain 

features that were executed in chapter 4. The authors applied sample skewness (SS), 

slope sign changes (SSC), number of zero crossings (ZC) and waveform length (WL). 

Autoregressive (AR) and Hjorth time domain (HTD) parameters were also estimated. 

The extracted features were reduced by using the spectral regression discriminant 

analysis. The reduced features were used in the offline classification, the first 

classification phase, where the features were divided into 0.5 seconds for initialisation 

stage while the rest were employed for sequential phase with an increment 100 ms. 

Whereas the second phase of classification was the adaptation that was activated with 

a new session setup. The new session of recording data included acquiring data for a 
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shorter period, than the first classification stage, to be used in training the OS-ELM to 

adapt to the new acquaintance in the new session. Moreover, the third classification 

phase was the online classification were the classification was executed while acquiring 

the datasets. The authors investigated the average error versus the number of nodes for 

extreme learning machine neural network for offline classification, which is shown in 

Figure 5.4.  

 

                      Figure 5. 4: Error rate versus number of hidden nodes for offline classification 

[81] 

The researchers applied daily classification on one subject only for three successive 

days by implementing the OS-ELM and the radial basis function ELM (RBF-ELM) as 

shown in Figure 5.5. 

 

                           Figure 5. 5: Average accuracy versus ten classes for RBF-ELM & OS-ELM 

[81] 
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The average accuracy on the first day was 82.64 %for both the OS-ELM and the RBF-

ELM whereas the accuracy was 84.13% for the OS-ELM and 33.14% for the RBF-

ELM. Moreover, the accuracy reached 85.59% for applying the OS-ELM and 35.19 % 

for applying the RBF-ELM. In conclusion, the suggested model showed a stable 

accuracy range of 82 % - 85% and achieved accuracy value of 35 % for the non-

adaptive classifiers as the RBF-ELM. On the other hand, the proposed feature learning 

model attained a testing accuracy over 90% without applying any feature extraction 

and feature reduction techniques. Furthermore, the simulation time spent by the feature 

learning system was concise for both the training and the testing phases. Besides, the 

recruitment of feature learning guaranteed the learning of best features that matched 

the application whereas feature extraction algorithm depended on the user’s experience 

and a trial and error procedure. 

 

5.3 Discussion 
 

PCA is a time-saving and easy feature learning technique, where it reduces dimensions of data 

without too much loss in of information and observations that should be associated with the 

data. 

The spectrogram, wavelet and wavelet packets helped in better representing the raw data. The 

SVM and ELM achieved good classification ability in the spectrogram, wavelet packet and 

wavelet respectively. 

The classifier fusion layer improved the testing accuracies for the three signal representations 

used. The classifier fusion algorithm selected the best local classifier. 

Limiting the number of learnt features to 50 features did not affect the testing accuracies for 

both the wavelet and the spectrogram. The testing accuracy difference between combining all 

learnt features and combining the top 50 Manhattan index features did not exceed 2.5%. In the 

case of the wavelet packets the testing accuracy difference was almost 5%. On the other hand, 

the ICA is an uncomplicated feature learning technique which transforms data to a new linearly 
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independent transform. Adding a classifier fusion layer improved the accuracy regardless of 

the feature learning algorithm that was applied. As a recommendation for future work, 

combining all features for the three suggested data representation and selecting the top 50 

Manhattan index features, then applying a classifier fusion to attain reaching real simulation 

time in real hands applications that varies between 150ms to 300 ms besides achieving high 

testing accuracies rate. 

 

5.4 Summary 
 

In this chapter, PCA and ICA were used for the purpose of feature learning. Three signal 

representations, the spectrogram, wavelet and wavelet packets, were implemented to enhance 

the performance of the proposed model. Introducing the raw biosignals directly to either the 

PCA layer or the ICA layer led to a very low accuracy, less than 50%. The ELM, SVM and 

discriminant analysis were employed for the classification task. The spectrogram signal 

representation resulted in the lowest accuracies whereas the wavelet packets led to the highest 

accuracies. The implementation of the classifier fusion layer was beneficial, from the accuracy 

point of view, for both the PCA and the ICA proposed models as the accuracies were improved 

to a level higher than 90% for the wavelet packets in the PCA feature learning model. However, 

the added classifier fusion layer increased the simulation time because it compared between 

three classifiers and picked the highest accuracy for each class. Nevertheless, neither the PCA 

model nor the ICA consumed a long time in the simulation phase so adding a fusion layer did 

not extend the simulation time. Despite representing the biosignals with a more significant 

number of features in the spectrogram signal representation, the accuracy was the lowest among 

other two signal representations, the wavelet and the wavelet packets. This result initiated the 

motivation to remove the redundant features to save simulation time. The Manhattan index was 

the procedure for this task where the index was estimated for each feature, and only the highest 

50 were included in the simulation. The implemented PCA and ICA feature learning models 

achieved accepted accuracy values as well as short simulation time for both training and testing 
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stages. However, improving the performance motivated us to employ self-organising map to 

achieve higher testing accuracy values and reduce the simulation time to meet the time 

requirements for real hand classification applications. Chapter 6 will demonstrate the evaluation 

of self-organising map network as a deep learning suggested model.  
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CHAPTER 6 

Evaluation of Self Organising Map Deep Learning for Biosignals 
 

Feature extraction plays a significant role in biosignal processing. Feature identification and 

selection is dominated by two common approaches. The standard approach is manual feature 

extraction, which is based on user experience and application. The other approach is feature 

learning, which is based on training the model, and identifying and selecting the best features 

to suit the application. The idea behind feature learning is to avoid dealing with any feature 

extraction or reduction algorithms and to train the suggested model on learning features from 

the input biosignal. In this chapter, self-organising maps will be implemented as a feature 

learning technique to teach the model to extract features from the input data. A deep learning 

approach is proposed by applying SOMs to learn features. In the proposed model, raw data will 

be read and then represented using different signal representations such as the spectrogram, 

wavelet and wavelet packets.  

The newly represented data will be introduced to the self-organising map layer to generate 

features. Then, the performance of the suggested scheme will be evaluated by applying different 

classifiers such as the support vector machine, extreme learning machine, self-adaptive 

evolutionally extreme learning machine (SA-EELM) and discriminant analysis classification. 

Analysis of variance and confidence intervals for different classifiers will be calculated. As an 

improving step for the results, a classifier fusion layer will be added to select the most accurate 

result for both the training and testing sets. The classifier fusion layer led to promising training 

and testing accuracies. 

A discussion of the proposed model will be explained in Section 6.2 along with previous work 

that has been done. The experimental setup along with the results will be presented in Section 

6.3. Discussion will be provided in Section 6.4, followed by a summary in Section 6.5.   
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6.1 Implementation of Self Organising Map Deep learning for biosignal 
 

In this section, the suggested SOM deep learning model will be explained. Figure 6.1 shows 

the procedures of the recommended system.  

 

 

 

                Figure 6. 1: Procedures of suggested SOM feature learning model 

In the proposed model, the raw biosignal is represented by the spectrogram, wavelet and 

wavelet packets individually. This representation stage is very crucial as it gives us the 

opportunity to present the biosignal better than without representation, which has its impact on 

the accuracy values. Accordingly, the accuracies become higher than when introducing the 

biosignal directly to the self-organising layer without applying any signal representation, which 

leads to accuracy values less than 50%. The output from the signal representation was 

introduced to the self-organising layer, which is a typical artificial neural network. The output 

of the SOM is called maps and is of lower dimensional than the input. The self-organising map 

applies error correction by using the back-propagation technique or gradient descent. The SOM 

keeps the properties for the input by using a neighbourhood function [295]. Figure 6.2 shows 

the mapping of a point in the input space to its new point in the output space by using the self-

organising map algorithm. The SOM is used to reduce the dimension of the data into lower 

dimension and more useful representations. 
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Figure 6. 2: Mapping input space to output space in SOM 

The output of the SOM is the new features with a lower dimensional than the input data. Those 

features are presented to the classifier layer for evaluation. Four classification algorithms are 

implemented, where the first is the extreme learning machine, the second is the discriminant 

analysis, the third is the support vector machine, and the fourth is the self-adaptive evolutionary 

extreme learning machine. The accuracy of six different types of SVM (linear SVM, quad 

SVM, cubic SVM, fine Gauss SVM, medium Gauss SVM and coarse Gauss SVM) is compared. 

The accuracy of both linear discriminant analysis and quadrature discriminant analysis is 

compared and the most accurate result is selected. A brief analysis will be presented on SA-

EELM as follows: 

The extreme learning machine is used in modelling complex systems, either linear or 

nonlinear. The modelling algorithm uses a gradient free fast convergence tool [296-299], for 

N observations {(  where . The ELM chooses both the input 

weights and hidden biases in a random manner. 

 ,             

(6.1) 

where  is the input weight,    is the input signal & 

  is the bias. Those are the learning parameters of th 

hidden node, is the output weight that relates the output node 

and the hidden node.  Equation (6.1) can be simplified as. 
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 ,                                                             

   (6.2) 

where  is the hidden matrix. Matrix  can be defined as: 

 

 .                    

 (6.3) 

The th element of  represents the corresponding output vector of the th hidden neuron 

concerning th input  , the values of this   parameter are selected randomly. Subsequently, 

the estimate of the  ,  parameters will be calculated using equation (6.4).  

 .           

(6.4) 

 

The cost function can be defined by the following equation  

 ,                           

(6.5) 

 

 where SSE is the sum square of error.  

 

The least square solution of the  can be determined as: 

 ,                                                                                

  (6.6) 

Where   is the Moore-Penrose generalised inverse of the hidden layer matrix . 

 

The self-adaptive evolutionary extreme learning machine introduces an optimisation 

algorithm by applying differential evolutionary optimisation techniques to the objective 

function  . This can be performed by selecting a certain number of populations  and a 
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number of generations  until the targeted level of convergence is obtained [300-304]. The 

 parameter can be defined as: 

 ,            

    (6.7) 

where   is the described searching space. 

 

The procedures of the differential evolutionary can be defined as follows 

 

First, the cover parameter space should be initialised by using the following equation.  

 

 ,                      

    (6.8) 

 

where &  are the minimum and maximum boundaries respectively. The values of 

&  are predetermined. 

 

Second, the generation of the new mutual vector is estimated by calculating the difference 

vectors of randomly picked population vector. These can be calculated by one of four strategies.  

 

Strategy 1: 

 .                                     

(6.9) 

Strategy 2: 

 .                           

(6.10) 
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Strategy 3: 

 . 

(6.11) 

Strategy 4: 

 , 

(6.12) 

where , , ,  and  are mutually exclusive integers numbers which are randomly 

selected. is applied to adjust the scaling difference, and the ruling parameter is 

randomly created within the range . 

Thirdly, crossover is used to increase the varieties of the confused parameter vectors with 

respect to a mutant vector    . At generation   , a trail vector 

  is generated according to the following equation: 

 

 ,       

(6.13) 

Where  is the crossover rate to adjust the friction of the parameter values copied,  

is  evaluation of a uniform random number created in [0, 1] and  is randomly 

selected an integer from [1, D]. 

Fourthly, the selection is conducted using fitness function for each objective and corresponding 

trail vector. The one with the lowest fitness function value is kept as the population for the next 

generation. Then, the second and fourth steps are repeated until the objective is met or 

maximum iteration reached. 

The self-adaptive evolutionary extreme learning machine is implemented to overcome the 

restrictions of the mutually selecting trail vector generation strategies. Its associated ruling 

parameters to optimise the ELM output weight matrix use the following procedures to  



-166- 
 

initialize the hidden layer matrix  

 

 , 

(6.14) 

 

Where  are randomly generated, G is the generation, and  represents 

the number of population. The output matrix is calculated using the following formula:  

 .                                                                    

  (6.15) 

 

=  ,                

 (6.16) 

 

where,  and  can be defined by using the following equations  

 

 . 

    (6.17) 

 .   

(6.18) 

All trail vectors  created during the  generation are evaluated by 

implementing equation (6.16) with small a tolerance . 
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The output from the classifiers was introduced to the classifier fusion layer where the results 

were improved significantly as will be discussed in the results section.  

Analysis of variance was calculated for different classifiers. The average testing accuracies for 

the three signal representation techniques were gathered (spectrogram, wavelet and wavelet 

packet) and resulted in P value equal to 0.0613. The P value indicated that there was no practical 

difference between any of the four classifiers. The confidence interval for each classifier was 

calculated with 60% confidence score. The confidence level is 60 % as long as the testing 

accuracy, for each classifier, within the allocated confidence interval. 

6.1.1 Previous work  

In this chapter, a deep learning model that will be able to learn features without 

applying any feature extraction or reduction technique will be suggested. The proposed 

model will be skilful in classifying between ten-finger movements. The finger 

movement classification was presented previously in many types of research as in [305] 

where the researchers proposed a feature projection technique by implementing the 

fuzzy neighbourhood preserving analysis (FNPA) with QR-decomposition. The 

primary purpose of FNPA is to decrease the distance, to the maximum extent, between 

the samples of the same class and increase it between samples of different classes. The 

researchers' purpose was to classify ten-finger movements, and they achieved an 

average accuracy 91% by using two channel electrodes. After that, other authors 

proposed a finger movement classification system. Where, they employed the spectral 

regression discriminant analysis for dimensionality reduction. The extreme learning 

machine for classification and smoothed the results by using the majority voting 

method. They achieved 98% classification accuracy  from two electromyography 

channels [306]. Then the authors used the same data set to apply the spectral regression 

discriminant analysis for dimensionality reduction. The kernel-based extreme learning 

machine for classification and smoothed the results by using the majority voting 

method [307]. Moreover, they applied the particle swarm optimisation to optimise the 
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kernel based ELM. Later, other researchers suggested a model classifying between 

nine-finger movements by using two electrodes [308]. They used seven-time domain 

features. And evaluated the system by using the artificial neural network and k-nearest 

neighbours as classifiers. Other researchers suggested using the nonnegative matrix 

factorization (NMF) technique to select the accurate and dependable features. They 

employed the neural networks for classification. And calculated the accuracy for both 

simple and complex flexion. Where they achieved 95% for simple flexion and 87% for 

complex one [309]. After that, other researchers suggested collecting the surface 

electromyography signals using eight electrodes to classify between nine hand motions. 

They used two different neural networks for the classification. The first neural network 

architecture attained 83.43% accuracy whereas the second one achieved 91.85% [310]. 

Another experiment [311] where the authors applied time-domain descriptors (TDD) 

to measure the power spectrum characteristics for the electromyography signal. This 

reduced the computationally expensive feature construction traditional techniques. 

This suggested approach improved the error percentage by 8% in comparison with 

other approaches [311]. Another trial was published for recognising finger movements 

by using the microneedle with 94.9% average accuracy [312]. On the other hand, many 

researchers claimed for applying a general model that should be able to learn features. 

This approach learns features without employing any feature extraction and reduction 

techniques, which led to the deep learning clue. Many published experiments were 

done in using the deep learning for the biomedical data. As for example but not limited 

to, [313] the authors developed a system by using an ensemble of the convolutional 

neural networks to classify medical images. The convolutional neural networks were 

implemented for learning features by tunning and for the classification. Other 

researchers suggested employing the convolutional neural networks to learn features 

and developing low-level features only [314]. The authors [315] developed a deep 

learning system to classify between different plaque constituents in carotid ultrasound. 

Later, the texture of lung pattern was analysed by implementing the deep learning 
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technique after employing the convolutional neural networks [316]. Consequently, the 

deep learning can be considered as a feature learning system where the system extracts 

the best features suit the application. In other words, the system learns features without 

employing any of the feature extraction or feature reduction algorithms. A deep 

learning model will be proposed via the self-organising map in learning features from 

the represented biosignals. The biosignals will be represented using either the 

spectrogram, wavelet or wavelet packets. The behaviour of the suggested model will 

be evaluated by using different classifiers as the support vector machine, discriminant 

analysis, extreme learning machine and evolutionally extreme learning machine. The 

evolutionally extreme learning machine will lead to higher accuracy results than other 

implemented classifiers. The analysis of variance and confidence intervals for different 

classifiers will be calculated. Finally, and as a development stage, a classifier fusion 

layer will be added to select the best local classifier. Accordingly, the proposed model 

will learn features without applying any feature extraction or reduction algorithms and 

achieve high accuracy values. Moreover, implementing the analysis of variance and 

confidence intervals is considered as an in-depth step to understand the nature of the 

relation between the employed classifiers and to know the trustful range of the accurate 

results.  

6.2 Experiments and Results 
 

In this section, the SOM layer settings, classifiers and classifier fusion layer will be presented. 

The simulation outcomes will be presented and discussed. The data acquisition, filtering, 

amplification, and experimental setup were identical to that explained in Chapter 4. 

6.2.1 Results 

In this proposed model, the biosignals were represented by either the spectrogram, 

wavelet or wavelet packets before being introduced to the SOM layer. Feeding the 

SOM with raw biosignals directly, without applying any further representation led to 
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accuracy values less than 50%. Four classifiers were implemented, which were ELM, 

SA-EELM, DA and SVM. SA-EELM achieved a better classification ability than the 

other three classifiers. Applying the classifier fusion algorithm led to a substantial 

improvement in the accuracy values. The ANOVA and confidence intervals were 

estimated. Table 6.1 shows the training and testing accuracies for the different signal 

representations and different classifiers. 

Table 6. 1: SOM deep learning training and testing accuracy 

Signal 
Representation 

Average 
Training 
Accuracy 

Average 
Testing 
Accuracy 

Classification 
Algorithm  

Spectrogram 99.41% 81.54% Support Vector 
Machine 

Spectrogram 98.26% 83.29% Extreme Learning 
Machine 

Spectrogram 96.71% 91.11% Evolutionally 
Extreme Learning 
Machine 

Spectrogram 96.95% 83.13% Discriminant 
Analysis 

Wavelet 99.84% 85.11% Support Vector 
Machine 

Wavelet 98.03% 84.91% Extreme Learning 
Machine 

Wavelet 99.35% 93.14% Evolutionally 
Extreme Learning 
Machine 

Wavelet 98.61% 86.77% Discriminant 
Analysis 

Wavelet Packet  98.42% 90.47% Support Vector 
Machine 

Wavelet Packet 97.83% 87.96% Extreme Learning 
Machine 

Wavelet Packet 99.50% 94.44% Evolutionally 
Extreme Learning 
Machine 

Wavelet Packet 96.30% 89.98% Discriminant 
Analysis 

 

Different experiments were performed by altering the SOM configuration until the 

current configuration was reached where the size of the two-dimensional map was 

10x10, the layer topology function employed was ‘hextop’ and the neurone distance 

function used was ‘linkdist’. This configuration was to compromise between the 

simulation time and accuracy level. These parameters were optimum with regard to 

accuracy level and the time spent in the simulation. Increasing the size of the map 

would consume more simulation time without a tangible impact on the accuracy level. 

The biosignals were filtered before the signal representation stage and the neural 
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networks phase. This was to guarantee a substantial barrier against the noise level that 

might be superimposed on the collected biosignals. 

The same set of data were introduced to a pattern recognition system, as shown in 

Figure 6.3. Traditional feature extraction and feature reduction techniques were 

applied. The extracted features were slope sign change, zero crossing, waveform 

length, skewness, mean absolute value, root mean square and autoregressive. Linear 

discriminant analysis was used for feature reduction. ELM was used for the 

classification task, where the training accuracy was 96.60% and the testing accuracy 

was 88.92%. 

 

 

  

                Figure 6. 3: Pattern Recognition Model 

It is clear from the results that are shown in Table 6.1 that using the wavelet packets as 

a signal representation generated a higher testing accuracy than both the wavelet and 

spectrogram. Moreover, the wavelet had a higher testing accuracy than the spectrogram 

and had a lower testing accuracy than the wavelet packets.  The support vector machine 

achieved better classification ability for the wavelet packets than its ability in the 

spectrogram. The support vector machine testing accuracy for the wavelet packets was 

very close to the testing accuracy for the discriminant analysis classifier but higher. 

Moreover, the support vector machine attained a moderate classification ability for the 

wavelet and poor classification ability for the spectrogram. On the other hand, the 

extreme learning machine exceeded the other classification techniques for the 

spectrogram. However, testing accuracy for the spectrogram was very close to its value, 

resulting from using the discriminant analysis classifier. The discriminant analysis 

achieved a higher testing accuracy for the wavelet than both the extreme learning 

machine and support vector machine. Testing accuracy for the wavelet using the 
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support vector machine, was higher than the testing accuracy resulting from the 

extreme learning machine. The testing accuracies, for the three signal representations, 

were boosted to another higher level by implementing the evolutionally extreme 

learning machine as a classifier. This is due to the optimisation algorithm that is used 

by this technique. The only drawback for the evolutionally extreme learning machine 

was its simulation time. It was considered longer than the time spent during the 

simulation of the extreme learning machine. However, the high accuracy levels gained 

from the evolutionally extreme learning machine were encouraging. 

The ANOVA value for the four different classifiers was calculated. The resulting P 

value was 0.0613, which is slightly higher than 0.05. However, it indicated that there 

was no practical difference between those four implemented classifiers.  

 Table 6.2 shows the confidence intervals for the four different performed classifiers. 

                                     Table 6. 2: Confidence interval for various classifiers  

Classifier Confidence 
Interval 

High 

Confidence 
Interval Low 

Confidence 
Interval 

Extreme Learning 
Machine 

86.54% 84.24% 2.3% 

Discriminant Analysis 88.29% 84.96% 3.32% 
Support Vector 
Machine 

87.89% 83.53% 4.36% 

Evolutionally Extreme 
Learning Machine 

93.71% 92.08% 1.63% 

 

Figure 6.4 shows the clustered column chart, which represents the confidence interval 

for the applied classifiers. The implemented confidence score was 60%. It was apparent 

from these results that the evolutionally extreme learning machine had the narrowest 

range which was 1.63%. The support vector machine had the broadest interval, which 

influenced the gap between higher and lower confidence intervals. The second most 

extensive interval was the discriminant analysis that resulted in 3.32%. Finally, the 

extreme learning machine generated the second narrowest interval (2.3%). 
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       Figure 6. 4: Confidence interval for four classifiers 

A classifier fusion layer was added where it selected the best local classifier by using 

the dynamic classifier selection algorithm. Both the training and testing accuracies 

were improved as shown in Table 6.3. 

Table 6. 3: Classifier fusion training and testing accuracy 

Signal 
Representation 

Average 
Training 
Accuracy 

Average 
Testing 
Accuracy 

Classification 
Algorithm  

Spectrogram 98.42% 93.07% Classifier Fusion 

Wavelet 99.35% 95.25% Classifier Fusion 

Wavelet Packet  99.73% 96.60% Classifier Fusion 

 

The testing accuracies were improved by adding classifier fusion where the wavelet 

packets testing accuracy exceeded 96%. And the wavelet testing accuracy became 

higher than 95%. The spectrogram increased to more than 93%. In comparing Table 

6.3 results with Table 6.1 results, it became clear that classifier fusion improved the 

accuracies. 

 

6.2.2 Comparison between the proposed model with other researchers’ achievements 

In this section, we will compare between the proposed model and other researchers’

achievements for the same dataset. The authors [74] implemented the same two-
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channel data set that was utilised in the SOM. The researchers suggested a pattern 

recognition model, used traditional feature extraction, and used SRDA for feature 

reduction. The extreme learning machine was employed for the classification and 

majority vote for smoothing. The researchers classified the same ten-finger gestures. 

The authors applied time domain features such as sample skewness, slope sign changes, 

number of zero crossings and waveform length. Autoregressive and Hjorth time 

domain parameters were also estimated. Furthermore, SRDA was employed for feature 

reduction rather than linear discriminant analysis. It was found that SRDA achieved 

faster performance than LDA. This made SRDA more suitable to deal with more 

significant number of features than LDA. Additionally, and as a comparative study, the 

authors applied regularised LDA (RLDA) for feature reduction beside SRDA. Regards 

classification, the researchers found that ELM achieved high accuracy values and 

showed superior classification performance, similar to that of the support vector 

machine with less time. Table 6.4 shows the average testing accuracy and the average 

simulation time for the pattern recognition model presented.  

                 Table 6. 4: Average accuracy and simulation time for SRDA and RLDA   

 

 

 

 

 

As it is clear from Table 6.4, testing accuracy was improved as the autoregressive order 

increased until achieving the best performance for an autoregressive order of 100. 

RLDA and SRDA showed similar performance in testing accuracy as the 

autoregressive order increased. SRDA spent less than that spent by RLDA especially 

for higher autoregressive order. The highest accuracy was 98.45 ±2.64 % for 

autoregressive order 100. On the other hand, the proposed deep learning SOM achieved 

AR 
order 

Average Classification 
Accuracy (%) Average Time (ms) 

RLDA SRDA RLDA SRDA 
2 89.89 ±8.56 91.23 ±7.56 1.40 ±0.27 1.30 ±0.37 
4 94.70 ±4.53 93.68 ±6.27 2.30 ±0.41 1.60 ±0.37 
8 94.50 ±5.56 94.66 ±5.47 3.00 ±0.09 1.80 ±0.42 

16 95.73 ±5.08 96.45 ±4.69 4.50 ±0.46 2.60 ±1.10 
32 97.20 ±3.66 97.57 ±2.78 8.10 ±0.62 3.60 ±0.69 
64 97.48 ±2.94 97.71 ±3.44 19.80 ±1.40 7.30 ±0.98 

100 98.48 ±2.17 98.45 ±2.64 41.20 ±3.30 14.30 ±3.30 
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96.60% testing accuracy and 99.73% for the training set. Furthermore, the SOM 

scheme was able to learn the features by itself without recourse to traditional feature 

extraction, and reduction algorithms. The traditional feature extraction and reduction 

approaches are time-consuming and dependent on the user’s experience along with the 

application. However, the recommended deep learning model did not acquire any 

human intervention in regards to the features as the system was capable of learning 

features that best match the application. Nowadays, deep learning models have 

attracted many researchers in different fields as they reduce the burden of pattern 

recognition users in extracting and reducing the best features that match the application.  

 

6.3 Discussion 
 

SOM is a timesaving and easy feature learning approach. It reduced the dimensions of the data 

without too much loss in information and observations that should be associated with the data. 

The self-organising map is a neural network that uses the dimensionality reduction (typically 

two dimensions) and backpropagation for the error correction. Although the simulation time 

was not long, good testing accuracies were obtained. 

The spectrogram, wavelet and wavelet packets helped in better representing the raw biosignals. 

The support vector machine achieved good classification ability in the wavelet packets, and 

discriminant analysis attained an impressive result for the wavelet. The extreme learning 

machine was superior in the spectrogram testing accuracy to the discriminant analysis.  

The evolutionally extreme learning machine achieved a genuine improvement for the accuracy 

percentages. This result was due to the optimisation algorithm that existed in the model, as all 

testing accuracies, for evolutionally extreme learning machine, exceeded 90%. The only 

drawback for the evolutionally extreme learning machine was its simulation time as it was 

relatively longer than that consumed during implementing the extreme learning machine. On 

the other hand, the accuracy values achieved by employing the evolutionally extreme learning 

machine as a classifier was higher than that attained by using the extreme learning machine.  
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The ANOVA value was 0.0613 as calculated above. The value was not yet to be less than 0.05. 

However, it was very close to 0.05. This P value meant that there was no practical difference 

between the classifiers. Despite this, it was believed that using the evolutionally extreme 

learning machine pushed the ANOVA value to be as close as 0.05. 

The confidence intervals were calculated by a confidence score of 60%.  As shown above, the 

narrowest interval was for the evolutionally extreme learning machine. The broadest range was 

for the support vector machine. These intervals gave us an indication of how confident we were 

in our resulting testing accuracy. In addition, if the testing accuracy was in the confidence 

interval range, that meant that the result is trustworthy by 60%. 

The classifier fusion layer enhanced testing accuracies for the three used signal representations. 

The classifier fusion algorithm that followed selected the best local classifier. The only 

drawback for classifier fusion was increasing the simulation time as it became relatively high. 

However, the simulation time consumed by the self-organising map as feature learning was 

short. 

The average simulation time was around 20 seconds, which was considered to be a short time. 

However, it was far from a real-time hand application (150ms to 300 ms).   

6.4 Summary 
 

The use of self-organising maps for deep learning was discussed in this chapter. However, the 

biosignals had been represented before being introduced to the self-organising map layer. The 

implemented signal representations were the spectrogram, wavelet and wavelet packets. 

Feeding the biosignals directly to the self-organising map layer, without applying any signal 

representations, brought an accuracy value less than 50%. The extreme learning machine, self-

adaptive extreme learning machine, support vector machine and discriminant analysis 

classifiers were used where SA-EELM achieved superior performance to the other executed 

classifiers. This outstanding behaviour was due to the existing optimisation algorithm that was 

embedded in the SA-EELM classifier. The classifier fusion layer was used to boost the 

accuracies for higher levels and achieved accuracy higher than 96%. The ANOVA was 
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estimated by P value 0.0613. This value is higher than 0.05, however, it was close to it. As the 

SA-EELM caused a boost in the accuracy values. This pushed the ANOVA value to be close 

to 0.05. The confidence intervals were assessed at the 60% confidence level. This interval could 

be inferred as long as the accuracy result fell in the deduced interval. The trustworthness of this 

result reached the level of 60%. The simulation time was not long compared to the autoencoder 

implementation for the deep learning mentioned in chapter 4. However, the simulation time is 

still far from a real-time hand application, which should consume 150 ms to 300 ms. The 

applied SOM deep learning scheme showed high accuracy values for both the training and 

testing set along with consuming short simulation time. The generalisation was one of the key 

objectives of this thesis that inspired the motivation of executing the data augmented model. 

Accordingly, a data augmented model will be explained in Chapter 7. This model will be 

applied to different datasets and for various applications. This made the model gain more 

fidelity and trust. Chapter 7 will present the execution of data augmentation along with a tensor 

representation for the deep learning implementation.  
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CHAPTER 7 

Evaluation of Augmented Data with Tensor Representation for Deep Learning 
for Biosignals 
 

Data representation is one of the most motivating aspects to the accuracy of our deep learning 

model. Nowadays, deep learning technology imposes its presence in the field of feature learning 

to save time and effort for researchers, as the typical feature extraction techniques depend on 

user experience in selecting the most powerful features. On the other hand, deep learning 

creates a model that is capable of learning the features without any external intervention. In this 

chapter, the deep learning concept will be applied via the implementation of the autoencoder. 

The main contribution of this chapter will be the approaches of representing the biosignals. This 

will provide us the opportunity to examine different biosignals data sets, on the same proposed 

model, and achieve high accurate results. The spectrogram of the biosignals will be estimated. 

and Gaussian representation for the spectrogram will be implemented as a data augmentation 

(DA) phase. This augmented set will be represented in the tensor domain which will be 

introduced to the two stages autoencoder to learn features. Ultimately, three different classifiers 

will be used. These classifiers are the support vector machine, extreme learning machine, and 

Softmax layer (SL). A classifier fusion layer will be implemented to select the best local 

classifier. The results of a typical feature extraction model will be compared with the suggested 

deep learning model for benchmarking. Furthermore, different data sets for district applications 

will be introduced to the proposed model to claim generalisation.  It can be alleged that the 

suggested model is capable of learning features from the biosignals for different applications. 

A discussion of the proposed model will be presented in Section 7.2.  and introduce previous 

work on the topic. The experimental setup along with the results will be explained in Section 

7.3. A Discussion will be provided in Section 7.4, followed by a summary in Section 7.5.   
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7.1 Implementation of augmented data with tensor representation for deep 
learning for biosignals 
 

In this section, the suggested augmented data with tensor representation for the deep learning 

model will be explained. Figure 7.1 shows the procedures of the recommended system.  

 

        Figure 7. 1: Procedures for data augmented tensor representation deep learning model 

It is claimed that the suggested paradigm is able to achieve high accuracy values for both the 

training and testing data sets with a powerful signal representation. As a preparatory step, the 

input raw biosignals were represented by a spectrogram. The implemented window size is 200 

ms and the window increment is 50 ms. The recommended number of sampling points to 

calculate the discrete Fourier transform is 1024. The advantage of proceeding with the 

spectrogram is that it provides a reliable representation for the raw input biosignals. This in turn 

boosted the accuracy of the values for both the training and testing set. The spectrogram output 

is introduced to the DA layer, and the above-mentioned Gaussian augmentation is used by 

repeating the represented data 1000 times. DA enriches and grants affluence to the data and, in 

return, improves the training and testing accuracies. At the final stage of data representation, 

tensor representation is used to represent the data in a developed perspective. The data are then 

introduced to the two layers autoencoder to learn features from the high quality represented 

data. The first layer of the autoencoder is 1200 nodes and the second layer is 900 nodes.   

The weight regularisation coefficient is set to 0.001, as it is the default value, for both layers of 

the autoencoder. The coefficient that controls the weights of the sparsity regularisation is set to 

4 for both layers.  The sparsity proportion factor determines the activation response rate of the 

autoencoder neuron. The value of the sparsity proportion varies between 0 to 1, where lower 

value promotes and inspires for a higher sparsity. The sparsity proportion is set to 0.05. The 
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encoder transfer function is set to pure linear. Additional transfer functions are used, such as 

the logistic sigmoid and positive saturating linear transfer functions. However, the linear 

transfer  function leads to the highest results. The output learnt features are employed to proceed 

to the classifier phase. Three different primary classifiers are used. The utilised classifiers are 

the ELM, SVM and SL. For the ELM, five activation functions are used, and we select the 

activation function that generates the most precise results. The five executed activation 

functions are the sigmoidal, sine, hardlim, triangular basis and radial basis functions. As for the 

SVM classifier, we examine the performance of six different functions for the SVM. The 

executed SVM functions are the linear, quadratic, cubic, fine Gaussian, medium Gaussian and 

coarse Gaussian SVM again we selected the SVM function that leads to the best outcome.  The 

accuracies of the three classifiers are presented to the classifier fusion layer to select the best 

local classifier per class. 

7.1.1 Previous work  

DA has been widely used and implemented in many research. The researchers 

established a relationship between the iterative computation time for the expectation 

maximisation procedure and the extension of the space parameter by augmenting the 

data [317]. The recognised relation was an expansion of the space parameter, which 

was applied with the DA. The iterative computation time was expected to be shorter. 

Earlier, scientists calculated the posterior probability for augmented data when the 

average likelihood could not be reached [318]. DA has been applied in different fields, 

for example replication data in the field of chemistry [319]. Image recognition was a 

state of the art field that the DA was innovatively applied. The researchers used manual 

augmentation techniques in conjunction with deep neural which led to an enhanced 

achievement [320]. Moreover, the researchers implemented the DA algorithm for a 

hand-drawn draughts dataset. They used a fine-tuned deep convolutional neural 

network to extract useful features from the introduced dataset [321]. Recently, the 

authors recruited the data augmentation Markov chain Monte Carlo (MCMC) [322]. 
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Furthermore, scholars have applied the augmentation in both the data domain and 

feature domain [323]. The convolutional neural network was applied for an acoustic 

signal, whereas the authors applied the augmentation to the speech signal to prove that 

the gap between the real room impulse response and simulated one was reduced to its 

minimum value [324].  In addition, the authors combined deep belief networks with the 

data augmentation algorithm, which added gamma variables to the original signals  

[325]. In the field of image processing, the authors augmented the input image by 

generating a 3D copy to be processed in a convolutional neural network [326]. Finally, 

the researchers applied depuration in addition to augmentation and balancing to 

Electroencephalography (EEG) signals [327]. 

Tensor representation was used in different research fields to allow a better 

representation of a dataset. In the early of 20th-century, the scientists paid attention to 

the value of the tensors and its applicable fields [328]. In the field of continuum 

mechanics, the tensor fundamentals and enforcement were discussed [329]. A paper 

addressed tensor decomposition technique and treated it as a generalisation for matrix 

decay [330]. In the concept of the deep tensor neural network (DTNN) was also initially 

introduced, where a double projection layer substituted one of the convolutional layers 

[331]. Those two inserted subspaces are entirely nonlinear, therefore any input of 

vocabulary speech was mapped to the newly introduced subspaces in conjunction with 

a tensor layer. This model was capable of anticipating the next layer in the deep neural 

network design. Also, this proposed model resulted in a relatively reduced error by 3%. 

A model that was able to estimate an approximation for the tensor rank has been 

developed [330, 332]. One by disintegrating the tensor and estimate canonical polyadic 

decomposition (CPD) by using a sparse matrix of banded type. And the other one, in 

2014, by the inequality of the M tensors was discussed and resulted in the upper and 

lower values for the eigenvalues  [333]. The authors and resulted in the upper and lower 

values for the eigenvalues  [334]. The estimation of the tensor parameters was analysed 
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deeply [335]. Furthermore, the tensor decomposition techniques were presented in 

[336] to give the opportunity for more latent dataset than that based on matrix domain. 

Recently, the tensor decomposition was applied on the genetic expression to a group 

of a latent component [337]. This latent component was used to find a relation between 

any biological development and a genetic variation.  

7.2 Experiments and Results 
 

In this section, the data acquisition methods we followed will be expressed more extensively.  

The experimental setup, including biosignals filtering and amplification will be revealed. The 

different datasets will also be shown along with the autoencoder layers’ settings, classifiers and 

classifier fusion layer. Additionally, simulation outcomes will be shown and discussed. 

 

7.2.1 Data Acquisition 

Different data sets were inputted into the proposed model for generalisation. The first 

data set was that used in Chapter 4. This data set was of nine healthy patients to classify 

ten-finger movements.  The second data set was of amputee patients missing their left 

hand. The objective of collecting this data were to classify between six gestures to 

understand and analyse the electromyography controlled upper limbs prostheses. The 

six gestures were thumb flexion, index flexion, fine pinch, tripod grip, hook grip and 

spherical grip. It was challenging task record the surface electromyography signals 

from amputee participants with three different force level. The skin was cleaned with 

alcohol and prepared with the abrasive method. Ag/AgCl electrodes were used. 

The surface electromyography signals were recorded by eight channels at three levels 

of force for nine amputee participants. The first dataset was amplified by a gain of 1000 

and the first and second datasets were sampled at 2000 Hz. Figure7.2 shows the 

allocation of electrodes and collection of the surface electromyography signals from 

amputee participants. 
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                   Figure 7. 2: Electrodes allocation for amputee participants [87] 

For the datasets mentioned above, the three-fold cross-validation algorithm was applied 

where two out of three of the dataset was assigned to the training set and the remaining 

third was allocated to the testing set. The data were filtered to secure the precision and 

removal of noise. The training and testing accuracies were estimated on an average 

basis. The accuracy was calculated per subject whereas the overall accuracy was the 

summation of the accuracy per subject divided by the number of subjects. 

The other datasets were imported from the University of California, Irvine (UCI) 

machine learning repository “https://archive.ics.uci.edu/ml/index.php”. The UCI 

website is considered a substantial archive and has been cited for more than 1000 times 

by the machine learning community by either students or researchers. The performance 

of the proposed model was examined with an additional five datasets that were archived 

at UCI machine learning repository website. Those datasets were the ‘iris’, ‘breast 

cancer’, ‘seeds’, ‘sonar’, ‘mines vs rocks’ and ‘Indian liver’ patient dataset. The ‘iris’ 

dataset is one of the most popular data set in pattern recognition field. This data set 

contains three classes. One class is linearly independent of the other two classes and 

can be easily separated, whereas the other two classes were not separable. The three 

targeted classes for the ‘iris’ dataset was iris setosa, iris versicolour and iris virginica. 

The breast cancer data set was collected from the Dr Wolberg clinic and classified for 

six classes two of these were benign, Where the other four classes were dedicated to a 

malignant type. The seeds dataset was collected for three different sorts of wheat. These 
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three classes of seeds dataset are Kama, Rosa and Canadian, which are recorded via X-

Ray plates. The sonar, mines vs rocks data set are used to classify between metal and 

rock. The last dataset was the Indian liver patients dataset. The dataset contained 

information collected from 441 male and 142 female Indian participants to discriminant 

whether or not they are a liver patient. 

7.2.2 Results 

In this section, the results will be displayed and discussed for all implemented data sets. 

The following results were estimated after classifier fusion stage, as the implementation 

of a classifier fusion layer increased  the accuracies for both the training and testing set. 

The classification of the ten-finger movements dataset was 100% for the training pack 

and 90.25% for the testing set. As for the high force six-finger movements dataset, the 

training collection accuracy was 99.74%, whereas the accuracy for the testing group 

was 91.85%. The deep neural network was replaced by a typical pattern recognition 

model where the features were extracted and reduced by using linear discriminant 

analysis. The ELM was used as a classifier. Based on the used pattern recognition 

model, the training accuracy for the ten-finger movements was 95.76% and the testing 

accuracy was 87.11% as shown in Figure 7.3. As for the six-finger movements, both 

the training and testing accuracies were lower than those values achieved by the 

proposed model. The training accuracy was 98.57%, and testing one was 89.64% as 

shown in Figure 7.4.  

This study concluded that the behaviour of the proposed model was explicitly better 

than the typical pattern recognition model. Furthermore, the suggested system did not 

require any feature extraction, as it was trained to learn features independent of the 

input data. Accordingly, the planned scheme was examined on widely used datasets to 

provide reliability and trust in the model. The implementation of the iris data set 

resulted in 100 % training accuracy and 98.5%testing accuracy. The breast cancer 

tissue dataset achieved 98.58% training accuracy and 91.7% testing accuracy. For the 
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sonar dataset, the accuracy of the training set was 85.69%, and of  the testing set was 

74.4%. Moreover, examining the liver dataset led to 96.47% training accuracy and 

85.1% for testing accuracy. For the seeds data, the training accuracy was 94.57% 

whereas 83.6% it was for the testing set. The UCI machine learning repository datasets 

were executed without using classifier fusion layer and only used the softmax classifier. 

The training simulation time was more than 600 seconds. However, the time consumed 

for the testing set on the trained network was not more than 1.5 seconds. Table 7.1 

shows both the training and testing accuracies for all the above-mentioned datasets. 

Figure 7.3 shows a comparison between the testing and training accuracies for the 

suggested model, and those resulting from implementing a typical pattern recognition 

technique for classifying ten-finger movements. Figure 7.4 displays the same 

comparison for the six-finger movements. The recommended model not only achieved 

a better performance on the level of the training and testing accuracies, it also saved 

the effort and time that might be wasted in selecting the best features that match the 

application.  

Table 7. 1: Training and Testing accuracies for all implemented datasets 

Dataset Training Accuracy Testing Accuracy 

Ten Finger Movement  

(Suggested Deep Learning Model) 

100% 90.25% 

Six Finger Movement  

(Suggested Deep Learning Model) 

99.74% 91.85%. 

Ten Finger Movement  

(Typical Pattern Recognition) 

95.76% 87.11% 

Six Finger Movement 

(Typical Pattern Recognition) 

98.57% 89.64% 

IRIS  

(Suggested Deep Learning Model) 

100 % 98.5% 

Breast Tissue 

(Suggested Deep Learning Model) 

98.58% 91.7% 

Sonar 

(Suggested Deep Learning Model) 

85.69% 74.4% 

Seeds 

(Suggested Deep Learning Model) 

94.57% 83.6% 

Liver 

(Suggested Deep Learning Model) 

96.47% 85.1% 
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                   Figure 7. 3: Comparison between suggested deep learning model and pattern 

recognition in ten finger movement. 

 
 

 
 

                    Figure 7. 4: Comparison between suggested deep learning model and pattern 

recognition in six-finger movement. 
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7.2.3 Comparison between the proposed model with other researchers’ achievements 

In this section, the proposed model will be comapred with other researchers 

achievements for the same dataset. The ten-finger movement dataset that was 

implemented in the proposed data augmentation deep learning scheme was used by 

researchers where the authors presented a traditional pattern recognition model for 

classifying the ten-finger movements  [80]. The suggested pattern recognition system 

adopted a new feature reduction algorithm that merged the ELM with spectral 

regression (SR) to be SRELM, which was employed for dimension reduction. The 

authors recorded the surface electromyography signals for the ten-finger gestures, and 

extracted time-domain features other than the autoregressive for every 100 ms time 

frame. The extracted time-domain features were the number of zero crossings, zero 

waveform length, mean absolute value, sample skewness and slope sign changes. The 

sixth order autoregressive and parameters from the Hjorth time-domain features were 

also estimated. SRELM was used for the dimension reduction purposes. The number 

of features were reduced to the number of classes. The authors compared the SRELM 

performance with that of the uncorrelated linear discriminant analysis, orthogonal 

fuzzy discriminant analysis and spectral regression dimensionality reduction. 

Moreover, the researchers recruited the unsupervised extreme learning machine, 

principal component analysis and baseline study where no dimension reduction 

algorithm was applied. The authors applied five classifiers: the linear discriminant 

analysis, support vector machine, radial basis function ELM, adaptive wavelet ELM 

and k-nearest neighbourhood. The authors simulated seven dimension reduction 

algorithms including no feature reduction (baseline) techniques and classified the 

gestures via AW-ELM. Moreover, the researchers implemented five to ten finger 

movements in their study. The ten-finger movements’ results were the principal 

concern as it was to be compared with the ten finger gestures’ outcomes of the 

suggested data augmented deep learning scheme. The targeted ten-finger gestures were 



-188- 
 

thumb (T), index (I), middle (M), ring (R), little (L), thumb-index (T–I), thumb-middle 

(T–M), thumb-ring (T–R), thumb-little (T–L) and the hand close (HC). The first five 

gestures were single finger movements whereas the last five were combined actions. 

Table 7.2 shows the different classes combinations used in the study. 

Table 7. 2: Different classes’ combinations were implicated in the study 

#Classes          Classes 
5 T, I, M, R, L 
6 T, I, M, R, L, T-I 
7 T, I, M, R, L,T-I, T-M 
8 T, I, M, R, L, T-I, T-M, T-R 
9 T, I, M, R, L, T-I, T-M, T-R, T-L 

10 T, I, M, R, L, T-I, T-M, T-R, T-L, HC 

 

Figure 7.5 shows the average accuracy of the seven dimension reduction algorithms 

including no feature reduction (baseline) technique grouped by the various class 

combinations for the AW-ELM classifier only.  

 

Figure 7. 5: Average accuracy grouped by the number of classes for various dimension 

reduction [80] 

 
The SRELM attained a superior performance to the other implemented feature 

reduction techniques. In addition, the average accuracy decreases as the number of 

targeted classes increases. The accuracy values achieved 95.67% for five classes and 

reached 86.73 % for ten classes. Afterwards, the authors examined the performance of 

the ten-finger gestures with all dimension reduction algorithms except for the 
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unsupervised extreme learning machine. The five executed classifiers were the LDA, 

SVM, RBF-ELM, AW-ELM and KNN. Figure 7.6 shows the average accuracy 

grouped by the five implemented classifiers. The RBF-ELM classifier with the SRELM 

feature reduction achieved 86.73% highest accuracy.  

 

Figure 7. 6: Average accuracy grouped by five classes for different dimension reduction 

algorithms [80] 

On the other hand, the data augmentation deep learning model achieved accuracy 

90.25% for the ten-finger movements. Furthermore, the performance of the data 

augmentation deep learning model was examined on various datasets with different 

applications. As six-finger movements for amputee participants that attained 91.85% 

accuracy. The datasets mentioned above were introduced to a traditional pattern 

recognition model, and achieved lower accuracy values than those attained by the 

recommended deep learning model. Moreover, the Iris, breast cancer, sonar, seeds and 

liver patients’ datasets were introduced into the suggested deep learning model, and 

achieved high accuracy values without applying any feature extraction or reduction 

algorithms. The recommended deep learning model showed a superior performance for 

different datasets, which provides evidence for the fidelity, generalisation and the trust 

in the scheme. The user should not need any feature extraction or reduction techniques, 

as the recommended scheme was capable of learning the features without any human 

intervention, which in turn, saved time and effort. 
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7.3 Discussion 
 

A deep learning model was suggested where the data were represented by a spectrogram and 

augmented before being transferred into the tensor domain. Two layers of the autoencoder were 

implemented by adjusting its parameters to gain optimal results. The SVM, ELM and SL were 

applied as the classifiers. The best local classifier was executed to select the highest accuracy 

per class. The proposed model was applied to different datasets to provide it with high fidelity, 

reliability and generalisation. Ten and six-finger movements were used for the recommended 

model compared to traditional pattern recognition system. The proposed model resulted in 

higher accuracies than the traditional pattern recognition. Moreover, pattern recognition 

consumed effort and time in extracting the best feature set that led to a higher accuracy. On the 

other hand, our model did not require any features or human interventions, as it was capable of 

learning features regardless of the introduced data set. The recommended model spent about 

600 seconds to train the network and no more than 1.5 seconds to test the trained network. The 

planned model was applied to other widespread datasets where it achieved accepted accuracy 

values. As a future enhancement, the simulation time may be reduced by implementing 

different neural networks that may be able to learn features in a superior manner along with a 

shorter simulation time. 

7.4 Summary 
 

In this chapter, the data were augmented and represented in the tensor domain for deep learning 

implementation. The biosignals were represented by a spectrogram. For abundance purposes, 

the biosignals were augmented after spectrogram representation using the Gaussian algorithm. 

Afterwards, a tensor representation was applied to allow different dimensional representations 

of the biosignals before being introduced to the first layer of the autoencoder. The features were 

learnt in the two layer autoencoder, and passed on to the classification layer. Three-fold cross-

validations were implemented. The extreme learning machine, support vector machine, and 

softmax layer were employed for classification. The last stage was classifier fusion, where the 
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best local classifier approach was applied. The implementation of the classifier fusion led to a 

higher accuracy value for either the training set or the testing set. Moreover, the proposed model 

was implemented for different datasets with different applications to ensure fidelity, reliability 

and generalisation. The six-finger movements for amputee participants were used in this study 

as well as five different datasets from the UCI machine learning repository. The classifier fusion 

was applied to the ten and six- finger movements only where the testing accuracy was higher 

than 90%. Furthermore, the five datasets were tested by the softmax layer classifier and 

achieved promising accuracy values. The chief objective of this thesis is to develop a deep 

learning model that is capable of adjusting to different biosignal applications, and learning the 

features without any human intervention or implementation of manual feature extraction 

methods. Moreover, it should be capable of achieving high accuracy values whilst keeping low 

simulation time to match real-time applications. Chapter 8 will summarise the thesis and will 

recommend future works. 
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CHAPTER 8 

Summary and Conclusion 
 

In this chapter, a summary of the research will be presented. In addition, recommendations for 

future research will be discussed.  

8.1 Thesis Summary 
 

The primary objective of this thesis is to introduce and develop a deep learning model that is 

capable of learning the features automatically. The model would not use any manual feature 

extraction approaches. Traditional feature extraction methodologies depend on user 

experiences and require significant time to reach the best set of features that match the 

application. Deep learning has numerous applications and is a major research area the field of 

machine learning. In this thesis, deep learning and feature learning models were presented and 

explained in detail. 

In Chapter 4, an autoencoder was utilised as a feature learning algorithm to train the 

recommended model to learn useful features from input surface electromyography signals. The 

deep learning approach was implemented by using the autoencoder to learn the features. 

Wavelet packets, spectrogram, and wavelets were employed to represent the surface 

electromyography signals in the recommended model. Afterwards, the newly represented 

biosignals were introduced to the stacked autoencoder (2 stages) to learn features. The 

behaviour of the proposed algorithm was estimated by using different classifiers such as the 

extreme learning machine, support vector machine, and softMax layer. The rectified linear unit 

(ReLU) was estimated and used as an activation function for the extreme learning machine 

classifier, besides existing functions such as the sigmoid and radial basis functions. Both the 

confidence intervals and analysis of variance were estimated for the different classifiers. As a 

comparative study, signal representations were superimposed to compare the results with each 

representation individually. The classifier fusion layer was implemented to select the classifier 
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that led to the best accuracy values for both the testing and training sets to develop the results. 

The implemented dataset was collected from nine healthy subjects: seven males and two 

females. The age of the participants was between 24 years and 60 years. No subjects suffered 

from any muscle disorder, and they were normally limbed. The testing accuracy was more than 

92% for the individual signal representation when implementing classifier fusion. It achieved 

90% for the superimposed signal representations. by acquiring biosignal from two channels 

only. Furthermore, the extreme learning machine attained the narrowest interval, which was 

2.53%. The widest one was 6.10% for the support vector machine. The analysis of variance 

was estimated with P value more than 0.05. The analysis of variance gives an indication of how 

the different classifiers vary from each other.  

In Chapter 5, principal component analysis and independent component analysis were applied 

as a feature learning technique to train the model to learn features from input data. The deep 

learning approach was proposed by implementing either the PCA or ICA to learn features. The 

rationale behind using PCA and ICA for feature learning were the extended simulation time 

needed by the autoencoder deep learning model executed in Chapter 4. The autoencoder 

required a longer simulation time in the training phase. In contrast the PCA or ICA was 

expected to require a shorter time in the training stage. Therefore, both the PCA and ICA were 

implemented due to their short simulation time and their ability to deliver accurate values. In 

the proposed model, the raw data were read then represented by using different signal 

representations such as the spectrogram, wavelet and wavelet packets. 

This represented data were then introduced to the PCA layer or ICA layer to learn features. The 

performance of this approach was evaluated by applying different classifiers including support 

vector machine, extreme learning machine and discriminant analysis classifiers. To improve 

the findings, the classifier fusion layer was used to select the most accurate result for both the 

training and testing sets. Moreover, the Manhattan index was estimated for the PCA learnt 

features to reduce the number of used features by selecting the highest 50 Manhattan index 

features.  
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The objective of assessing the Manhattan index is to use a lower number of features, which 

reduces simulation time while maintaining equivalent accuracy values. The dataset utilised in 

both models, either the PCA or ICA, was the exact dataset that was described in Chapter 4. For 

the PCA feature learning model, the testing accuracy was improved by adding the classifier 

fusion layer where the wavelet packets testing accuracy exceeded 90%. In contrast, the ICA 

feature learning model achieved testing accuracy higher than 86%. Furthermore, the Manhattan 

index was estimated for the PCA learnt features and the highest top 50 features were only 

included. The reduction of employed features reduced the simulation time spent in the training 

stage. Moreover, it did not impact on the testing accuracy values for the wavelet signal 

representation. The simulation time spent by either the PCA or ICA models was not comparable 

with the autoencoder. However, the testing accuracy for the PCA or ICA needed further 

improvements. Due to these requirements self-organising map for deep learning applications 

were implemented as discussed in Chapter 6. 

 

In Chapter 6, the self-organising map was used as a feature learning technique to train the model 

on learning the features from the input data. The deep learning approach was proposed by 

deploying the SOM to learn the features. In the proposed model, the raw data were read then 

represented by using different signal representation as the spectrogram, wavelet and wavelet 

packets.  

 

The represented data was the introduced to the self-organising map layer to generate features. 

The performance of the suggested scheme was evaluated by applying different classifiers 

(support vector machine, extreme learning machine, self-adaptive evolutionally extreme 

learning machine and discriminant analysis classification). The analysis of variance and 

confidence intervals for the different classifiers was calculated.  

 

To further improve these findings, a classifier fusion layer was applied to select the most 

accurate result for both the training and testing set. The classifier fusion layer led to promising 
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training and testing accuracies. The dataset used in the self-organising map for the deep learning 

was the same dataset that was applied in Chapter 4. The testing accuracy value reached 94.44% 

for the wavelet packets along with the self-adaptive evolutionally extreme learning machine as 

a classifier. This result prior to executing the classifier fusion layer, achieved a testing accuracy 

of 96.6%. Furthermore, The ANOVA was estimated by a P value of 0.0613. The P value was 

not less than 0.05. This P value meant that there was no significant difference between the 

applied classifiers. By using the evolutionally extreme learning machine method it was nearly 

possible to achieve an ANOVA value close to 0.05. Moreover, the confidence intervals were 

calculated by a confidence score 60%.   

 

As mentioned above, the narrowest interval was for the evolutionally extreme learning 

machine. The broadest range was for the support vector machine. These intervals provided an 

indication of how confident we were in the resulting testing accuracy.  

Interestingly, if the testing accuracy was in the confidence interval range, this would suggest 

that the result was trustworthy by 60%. The SOM deep learning model was superior to either 

the autoencoder or PCA and ICA schemes in regards to the accuracy and simulation time. The 

simulation time spent by the SOM was much lower than that required by the autoencoder. In 

addition, the testing accuracy was higher than those achieved by the autoencoder, PCA or ICA.  

Eventually, a generalised model was presented in Chapter 7 with seven different datasets. The 

principal objective of the data-augmented deep learning model was to make the model 

adaptable to any input biosignals and, regardless of the application. This approach would 

achieve acceptable accuracies.  

 

In Chapter 7, the deep learning concept was used by applying the autoencoder. The main 

contribution of this chapter was the approach of representing the biosignals. This provided the 

opportunity to examine different biosignals datasets, on the same proposed model, and achieve 

high accuracy results. The spectrogram of the biosignals was estimated, then the Gaussian 

representation for the spectrogram was used as a data augmentation phase. This augmented set 
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was represented in the tensor domain, which was introduced to the two-stage autoencoder to 

learn features. Ultimately, three different classifiers were used. These classifiers were the 

support vector machine, extreme learning machine, and Softmax layer. A classifier fusion layer 

was implemented to select the best local classifier. Furthermore, different datasets for different 

applications were introduced to the proposed model to claim generalisation.   

 

It could be alleged that the suggested model was capable of learning features from biosignals 

for the different applications. The first dataset was that used in Chapter 4. This dataset was for 

nine healthy patients to classify ten-finger movements by using two channel electrodes. The 

second dataset was from amputee patients missing their left hand. The surface 

electromyography signals were recorded from eight channels at three levels of forces for nine 

amputees. The aim of collecting this data was to classify six different gestures to analyse and 

understand the biosignals controlling the upper limb prostheses.  

 

The results of applying a typical feature extraction model for the ten and six-finger movements 

were compared with the suggested deep learning model for benchmarking purposes. Other 

datasets were imported from the UCI machine learning repository 

“.https://archive.ics.uci.edu/ml/datasets.html”. The UCI website is archived and has been cited  

more than 1000 times by the machine learning community, including students or researchers. 

The performance of the proposed model was examined with five extra datasets that were 

archived at the UCI machine learning respiratory website. Those datasets included iris, breast 

cancer, seeds, sonar, mines vs rocks and Indian liver patients. The proposed deep learning 

model attained superior results to that achieved by the traditional pattern recognition scheme. 

 

 The results obtained by applying the suggested deep learning for the ten-finger movements 

was 90.25% for the testing accuracy. The testing accuracy only scored 87.11% for the 

traditional pattern recognition system. Furthermore, the testing accuracy was 91.85% for the 

deep learning implementation with the six finger gestures and achieved 89.64% for the same 
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datasets when applying the traditional pattern recognition scheme. The implementation of the 

iris data resulted in 100 % training accuracy and 98.5% testing accuracy. For the breast cancer 

tissue dataset, the training accuracy was 98.58% whereas the testing accuracy was 91.7%.  

In regards to the sonar dataset, the accuracy of training was 85.69% and for testing was 74.4%. 

Moreover, applying the liver patients dataset led to 96.47% for the training accuracy and 85.1% 

for the testing. The seeds dataset, achieved a training accuracy of 94.57% whereas testing was 

83.6%. The recommended model needed 600 seconds to train the network. It required no more 

than 1.5 seconds to test the trained network. The proposed model was applied to different 

datasets to provide it with fidelity, reliability and generalisation. Finally, the signal 

representation was critical step in presenting the biosignals to the proposed deep learning layer. 

When this was left out, the accuracy value was less than 50%.   

 

8.2 Recommendations for future research 
 

In this section, recommendations for future work will be discussed. These recommendations 

include improving the deep learning techniques, data fidelity and precision, developing the 

evaluation techniques, enhancing the classifiers performance, evolving the data acquisition 

approaches, targeting more classes, reducing the simulation time, and applying the outstanding 

models in real applications. 

8.2.1 Improving deep learning techniques 

Deep learning techniques should be investigated further as they can have promising 

results in regards to accuracy values. Deep learning provided the applications, which 

were presented in this thesis, with ease of learning the features. Currently, deep learning 

technology is invading different fields with various applications due to its advantages. 

Deep learning can be adapted by nearly all researchers and, this is due to the fact that 

deep learning learns the best features to match the application. Learning the features in 

a deep learning approach occurs without the need to apply any feature extraction or 
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reduction algorithms. Dispensing with all the feature extraction and reduction 

procedures saves simulation time and avoids entering the whirlpool of deciding which 

features should be extracted. The types of features are the time domain features, 

frequency domain features or mixed. The performance of any traditional pattern 

recognition system is significantly dependent on the extracted features that vary from 

one application to another. The answer to the question, which feature type should be 

included, can only be answered by the experts in the field after performing many trials 

to reach the best results. Furthermore, deep learning should be expanded to include 

many more fields as the same concept can be applied for different signals and various 

applications. The input may be mechanical, electrical or biomedical.It is highly 

recommended to apply any invented deep learning model on different applications with 

various datasets to guarantee trustworthiness, reliability and generalisation.   

8.2.2 Data fidelity and precision 

The fidelity and precision of the used datasets has a substantial impact on overall 

system performance. Accordingly, every effort must be made to secure a reliable data. 

More signal representation techniques should be investigated intensely. Further 

improvements need to be applied to signal acquisition devices with regards to its power 

cables and embedded filters. Regarding surface electromyography signal acquisition, 

the skin should be cleaned by the means of alcohol to remove any greasy layer. The 

electrodes should be positioned and fixed on the location of the targeted muscles while 

avoiding any shift in the electrode allocation or any movement of the participant during 

the signal collection. In addition, the electromyography signals are in the range of 

microvolts to millivolts, which makes amplification necessary. Further processing is 

needed by applying adequate filtering to remove the superimposed signals either from 

another muscle or unwanted noise. Simulation time should be considered while using 

filtering. Furthermore, the filtered electromyography signals should be well 

represented as this improved the results in this research. The researchers need to 
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explore innovative signal representations techniques to match the different signal 

applications. Moreover, it is highly recommended to develop high quality filters and 

power cables for the data acquisition devices to secure the lowest level of noise. 

Exploring a method which can identify the real  biological data from the noise will be 

vital in the process of data mining and will assure higher quality system behavior.  

8.2.3 Developing the evaluation techniques 

In this type of research, classifier accuracy was the major gauge of pattern recognition 

or even the deep learning behavior. However, in real time applications the classifier is 

not the only scale by which the system performance is judged. This is one of the major 

reasons for the wide gap that exists between results from laboratory and real time 

applications. More aspects and parameters need to be addressed carefully during 

measuring the performance of any model. This needs to be done for either deep learning 

or traditional pattern recognition to reduce this gap between real time applications 

results and those conducted in the laboratory.  

8.2.4 Enhancing classifier performance 

Many classifiers exist today, however, their performance varies from one application 

to another. Therefore, different optimization techniques need to be addressed, 

investigated, explored and applied to the classifiers, besides classifier fusion, to lead to 

higher accuracy values and with shorter simulation time to match real application 

response time. 

8.2.5 Evolving the data acquisition approaches 

Most of this research was conducted on two channel datasets. However, collecting 

biosignals from more channels will improve the accuracy values as it will provide more 

details that are necessary. In real time applications, more related muscles are included 

than in laboratory research, where only few muscles are involved. This is considered 

as one of the foremost causes of the gap that exists between the outcomes from real 
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applications and the laboratory. Consequently, it is highly recommended and desirable 

to recruit and involve more related muscles in the study than shorten it to a limited 

number of muscles. This minimises the gap between the laboratory results and real time 

applications. However, dedicating more contiguous channels to collect 

electromyography signals from neighboring muscles may have a bad impact on the 

fidelity of collected signals. Therefore, this aspect should be considered in the design 

of the multi-channel devices.   

8.2.6 Targeting more classes 

For hand applications, it is highly recommended to classify as many classes as possible. 

This is to imitate real life applications and reduce the gap between their results and the 

laboratory results. As in the laboratory, only a limited number of gestures are classified, 

whereas in the real applications, many more movements are targeted. This causes a 

deterioration in system performance when it comes time to apply the simulated model 

to real time applications.   

8.2.7 Reducing the simulation time 

Simulation time should be taken into consideration to meet real applications’ timing 

requirements. As for the hand movements, the real time applications accept up to 300 

ms as a delay. It is recommended to consider simulation time into the design to avoid 

the collision with higher delays when it comes to apply the simulated model on the real 

time applications.   

8.2.8 Applying outstanding models in real applications 

It is recommended to execute the outstanding deep learning models in real life to 

measure how far or close its results are in comparison with the laboratory results. In 

this thesis, both the self-organizing map deep learning model and the augmented data 

variant achieved superior performance to the other schemes. This is in regards to the 

accuracy values, simulation time and generalization. The self-organizing map was very 
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distinguished in regards to accuracy and simulation time. The data augmented deep 

learning gained generalization and reliability as different datasets were applied to it. 

Subsequently, it is highly recommended to apply those two models in real applications, 

while taking into consideration the previous recommendations such as the multichannel 

acquired data, targeting more classes for the hand applications and collecting the 

surface electromyography signals by using high quality devices.  

 

8.3 Conclusion 
 

In this thesis, different deep learning and feature learning models were presented and then 

explored for their applications to hand movements. The first scheme was applying the 

autoencoder to learn features. Where two stages of the autoencoder were used. The signal 

representations were the impetus for improving the accuracy values. As applying different 

signal representations algorithms such as the spectrogram, wavelet and wavelet packets led the 

performance to a higher level. The classifier fusion was recruited to select the best local 

classifier. Moreover, the analysis of variance along with the confidence intervals were 

estimated. The testing accuracy value exceeded 92% to classify ten- finger movements by using 

a dataset collected from only two channels. However, the simulation time was not acceptable. 

Due to this extended simulation time, the next step was to try other feature learning 

methodologies. The principal component analysis and independent component analysis were 

performed to learn features from the same datasets that were used in the autoencoder. Both 

models achieved a lower simulation time, by more than ten times than that spent by the 

autoencoder. The testing accuracy exceeded 90% for the principal component analysis along 

with using a classifier fusion layer. The Manhattan index was estimated for the features learnt 

by the principal component analysis scheme and the top highest 50 features were included in 

the system while excluding the other features. The inclusion of these 50 features did not impact 

the accuracy values for the wavelet signal representation. The simulation time for the principal 

component analysis and independent component analysis were as a result shorter. Whereas the 
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accuracy values needed further improvement, which was the major drive to develop another 

deep learning scheme.  

 

The self-organising map was implemented for the deep learning, and this achieved a superior 

result in regards to the accuracy and simulation time. The classifier fusion layer was utilised 

and achieved an accuracy value more than 96% with shorter simulation time. Moreover, the 

analysis of variance and the confidence intervals were estimated. Lastly, the self-organising 

map scheme was superior to the other implemented models. However, we needed to apply 

generalisation so that the model can be used with different biosignals and with various 

applications.  

 

This idea prompted us to apply further signal representations and preparations than those 

applied in the previous schemes. The model that was presented in Chapter 7 had an advantage 

when compare to other schemes as it was applied on different datasets. Various datasets granted 

this approach  increased the model fidelity and generalisation. As a result this model could be 

applied on different applications without consuming more time in extracting features. 

Moreover, the simulation on a trained network was not more than 1.5 seconds due to the applied 

signal representations approaches that were applied. The overall finding using this model 

approach achieved better accurate results with reduced amount of time and user input. 

 

In summary, we put forward the idea that deep learning is more reliable than traditional feature 

extraction techniques. The deep learning can be a double-edged weapon, as it requires less user 

intervention. However, it may need longer simulation time than that consumed by training the 

network in learning the features. Therefore, researchers should work hard on finding new 

training techniques that require short simulation time to match real time applications along with 

achieving high accuracy values. 
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