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Abstract 

Hand prosthesis have helped amputees to partially live normal lives as healthy people 

for ages since invented. However, due to the technical limitations such as the essential 

time required for signal sending and receiving, the state-of-the-art hand prosthesis still 

cannot fully restore real hand functions. As Artificial Intelligence (AI) technologies, 

especially deep learning and artificial neural networks, nowadays show an impressive 

performance when building smart machines, it is possible to use them to bring 

improvements to conventional hand prosthesis. This advanced AI prosthesis can learn 

real hand functions through self-learning and eventually, fully achieve all real hand 

functions. Moreover, with the help of current biologically inspired neural network 

models and spiking neural networks (SNN), the power consumption and reaction delays 

of a prosthesis can be further minimized.  

A novel approach which attempts to address the long-existing problems such as 

frequent misclassification faced by current hand prosthesis is presented in this thesis. 

Through converting the raw surface electromyograph (sEMG) signals from amputees 

with different hand amputation levels and able-bodied people into heatmaps, with an 

applied properly designed convolution neural network which extracts and learns the 

features contained within the heatmaps, the mis-trigger disadvantage rapidly decreases. 

The experimental results, from 8 hand gestures so far, indicate that this novel approach 

is effective. Moreover, the relationship between the number of sensors, used to record 

the sEMG signals, and the recognition accuracy is also examined and presented in this 

thesis. According to the experimental results, the optimal or required number of sensors 

when recording sEMG signals can be minimized for different hand gestures without 

classification accuracy degradation.  

This thesis also contains another novelty: a spiking sEMG signal maps-based hand 

gesture classification algorithm. The algorithm employs a spiking neural network as the 

classifier, as well as a common heatmap technique which efficiently converts the raw 

sEMG signals into common heatmaps that can be used by the spiking neural network. 

The classification results obtained by two different sEMG datasets denote high 

robustness of the novel algorithm. Moreover, further evaluation of the experimental 
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results denotes that both the mis-trigger issue as well as power consumption are reduced 

when applying this novel algorithm. 

Additionally, to further utilize the potential of sEMG signals, another novel algorithm 

which aims at frequency domain features is presented in this thesis. This algorithm 

successfully extracts the frequency domain features by applying singular system analysis 

(SSA) to the raw sEMG signals and converts them into frequency density maps (FDM). 

With the help of a proposed SNN, the algorithm is proved to be efficient for different 

hand gestures. In addition, further evaluation of this algorithm indicates that it 

demonstrates a significant reduction in computational costs, training time, power 

consumption whilst, at the same time, results in lower classification errors/mis-triggers 

when compared to other state of the art hand gesture recognition methodologies. 
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Chapter 1  

Introduction 

1.1 Preface  

Through the past few decades, the Artificial Intelligence (AI) technologies flourished 

rapidly because of the achievements in computer science fields such as big data. Machine 

learning, one of the most prominent AI areas nowadays, has been applied on several 

aspects of classification or regression tasks in both research and industry. Considered as 

one of the most advanced machine learning branches, deep learning [1] also plays an 

important role in all these fields.  

Since artificial neural networks achieved substantial success in pattern recognition, 

such as convolutional neural networks for human face recognition [2], species 

recognition [3], tracking tasks [4], etc., researchers wish to apply them on other 

challenging areas. As one of the novel research topics, the AI based hand gesture 

recognition for lower arm prothesis has drawn more and more attention in the last few 

years.  

Nowadays, the AI technology brings convenience and effectiveness to daily lives. It 

provides a bridge between the machine and users’ demands through establishing a 

channel that allows machines to acquire intentions from human behaviour such as spoken 

commands. 

For medical use, the AI based hand gesture recognition provides a distinctive 

possibility for amputees with different hand damage levels to improve their situation and 

ultimately resume a near normal life.  According to a report [5], just in the USA there 

are 185,000 new amputations every year. The most common is partial hand amputation 

with loss of 1 or more fingers, about 61000, followed by loss of one arm, 25000. Massive 

funds and efforts have been invested to provide aid to these amputees every year while 

the main problem still exists, as the current prosthetics cannot fully restore the functions 

of a real hand. However, with the AI based hand gesture recognition, the prosthesis 

would be able to learn to perform the acquired gesture with any certain inputs if it has 

learned features for that gesture. 
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Moreover, the AI based hand gesture recognition has considerable potential to be 

applied in several real-world human computer interaction applications like robot control 

to accomplish tasks where it is dangerous or inconvenient for human presence. Various 

surgeries could, potentially, be performed by trained robotic arms where a doctor’s 

presence may not be possible, or bombs can be defused remotely. Some attempts for 

such applications have already be proposed and evaluated by research works [6][7][8]. 

1.2 Research Motivation 

As mentioned in the preface, with the increasing amount of lower arm amputees every 

year, developing a prosthesis which can fully restore human hand functions are always 

a task of importance and priority for researchers. The current lack of intelligence for 

conventional prostheses causes their aid for amputees to remain at a basic level and, in 

many cases, can cause substantial inconvenience in their lives. With a high performance, 

efficient AI based hand gesture recognition system, such situation could be addressed, 

thus providing a better life for many amputees. 

 According to previous research works, there are various attempts which are based on 

classical machine learning methods addressed to create such prostheses. However, none 

of them has achieved satisfactory results. The main issues are: First, the conventional 

machine learning models require extensive training data that is structured to meet the 

model’s requirements [9]. Second, the machine learning model requires special training 

which consists of learning algorithms designed by humans for that specific training 

process to fulfil its purpose [10]. Third, the machine learning model cannot deal with 

real-time biases [11]. All these factors result in the failure of conventional machine 

learning based hand gesture recognition approaches and, effectively, delay AI based 

hand gesture recognition development.  

 With the development and improvement of AI technology, mostly deep learning, we 

have never been closer to achieving this task. Unlike other AI machine learning means, 

such as decision tree or random forest, deep learning requires less human involvement 

in training  to achieve a good recognition accuracy as it does not need extensive reserves 

of pre-structured data and learns on an incremental basis [12]. For example, images for 

different large dogs’ species might give different classification results when applying 

conventional machine learning methods. For deep learning though, the differences/errors 
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between the prediction results and real classes would be returned to adjust parameters 

for the next training session.  In other words, deep learning can learn from its own errors 

and make necessary adjustments rather than using fixed error values [13] 

The applications of deep learning in hand gesture recognition in medical field, or 

prosthesis, can be achieved with two ways. One approach is computer vision (CV) based. 

Some researchers have tried to implement hand gesture recognitions through 

conventional RGB or Grey-scale images which contain captured gestures [14]. The other 

approach is based on different signals that are collected when a gesture is performed [15]. 

These signals are usually  Electromyography (EMG) signals [16] or 

Electroencephalography (EEG) signals [17], usually processed by recurrent neural 

networks (RNNs), which are best for dealing with sequence data. 

 For the CV based methods, the quality of the recognition accuracy is mainly affected 

by the captured gesture images due to the differences which exist in the size of human 

hands, for example it is hard for convolutional neural networks (CNNs) to recognize a 

baby’s hand gesture when they have been trained use adult’s hand gestures. In addition, 

the angle of the camera while acquiring the gesture image also has a significant effect on 

recognition accuracy. Once the angle changes, the captured features that identify a 

gesture may look very different to a CNN. Comparing with the image approach, the other 

methods which use signals such as EMG signals or EEG signals are more reliable. As 

measured directly from the motor units or muscles or brain signals when gestures are 

performed, the patterns/waveforms of the signals for different persons are roughly the 

same as same position muscles are used, despite magnitude (muscle strength) differences 

[17].  Moreover, due to the EMG signals are easily acquire and more accurate when 

reflecting muscle activities with the sensors attached directly on the target body parts, 

comparing to EEG signals, the focuses of this research focus on the EMG based hand 

gesture recognition area.   

Nonetheless, the EMG based approach also has its own limitations which reduce the 

recognition accuracy and the applications. As the muscle strength for humans are 

different, it is difficult to find common features for a single gesture for various people 

when using the collected signals directly. Additionally, the acquired raw signals not only 

contain the required motor units or muscle activations, when performing a gesture, but 

they also contain noise which is generated by the environment or the device or even the 
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muscle itself or a combination of such effects. This noise further increases the difficulty 

to use signals to perform hand gesture recognition [18]. Thus, algorithms which can 

extract features from raw signals while removing the noise are required for improving 

current EMG based hand gesture recognition approaches. 

Moreover, there is another issue which relates to the power consumption and 

computation speed for deep learning-based hand gesture approach in real time. When 

applying statistical deep learning methods such as CNNs and RNNs to real time 

applications, the required power and computation time increase with the scale of the 

number of the gestures and sensors. Such extra power and time consumption limitations 

makes the deep learning-based hand gesture recognition difficult to implement and 

unable to beat conventional prosthesis methods, such as body-powered prostheses like 

hooks, terminal devices, gripping devices and wrists units [19][20][21]. However, these 

limitations could be surpassed by the next generation of the ANN, the spiking neural 

networks (SNNs). Compared to CNNs and RNNs, SNNs require less levels of power 

consumption when operating by employing a simplified bioinspired neuron model as the 

basic operating unit and an event-based training algorithm which uses spikes as the 

information carrier [22]. In addition,  because of the spike-based training algorithm, the 

SNNs have shown significant potential in terms of computational speed [23]. 

Furthermore, there is another advantage to applying an SNN based hand gesture 

recognition approach. Unlike previous ANNs, there already exist specialized hardware 

for SNNs such as IBM TrueNorth [24], Intel Loihi [25], etc. Such chips consist of 

billions transistors with only mW (milliwatt) level power consumption, requiring only 

1/10000 of the power of conventional processing units [26].  

1.3 Aims and Objectives 

The aim of this research is to investigate the current deep learning methodologies 

which includes various types of neural networks and evaluate their performance on 

sEMG based hand gesture recognition tasks. As current deep learning methodologies 

have better recognition performance, reduced complexity solution and time and energy 

consumption advantages when compared to conventional machine learning methods.  

The objectives of this research are listed as follows: 
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1. Examining the features contained inside the sEMG signals and designing 

appropriate methods to acquire these features. 

2. Investigating the noise effects that reduce the performance of sEMG based hand 

gesture recognition systems. 

3. Designing algorithms which can improve the sEMG based hand gesture recognition 

performance through minimizing noise effects. 

4. Examining key parameters that affect the performance of a neural network and 

designing appropriate ANN models and training algorithms which meet the engineering 

application requirements such as good performance, energy efficient etc. 

5. Building sEMG based hand gesture recognition systems by combining designed 

noise removing and feature extracting algorithms of the raw sEMG signals with the 

designed ANN models.  

6. Evaluating sEMG hand gesture recognition systems performances and applying 

them on open-source datasets to obtain more experiment results. 

1.4 Original Contributions 

The research works presented in this thesis provide several contributions in the sEMG 

based hand gesture recognition area which include: 

i. Design the intersected heatmap algorithm which converts the time domain features 

of each channel of raw sEMG signals to grey scale maps where each pixel represents one 

channel. The use of the intersected heatmap algorithm not only reduces the required data 

dimensions by discovering the optimal number of sensors which produce the highest 

recognition accuracy, but also improves the performance of the hand gesture recognition 

system by minimizing the noise effects. (Chapter 4) 

ii. Design a novel VGG based CNN structure. The comparison results to previous 

research works indicate that this novel network structure can achieve better recognition 

results with fewer parameters. (Chapter 4) 
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iii. Discover the common active sensors for each applied hand gesture and design the 

common heatmap algorithm which minimizes the network training and dataset 

processing time, while maintaining a desired hand gesture recognition performance. This 

is achieved by further reducing the required numbers of sensors. (Chapter 5) 

iv. Design a novel convolutional spiking neural network (CSNN) structure and 

evaluate its performance with common heatmaps. The CSNN structure takes advantage 

of a convolution operation and a spike train to achieve reduced energy requirements and 

training time consumption with an expected testing accuracy, which could improve the 

performance of real time hand gesture recognition systems (hand prosthesis). (Chapter 

5) 

v. Apply the singular spectrum analysis algorithm (SSA) which efficiently reduces the 

noise contained inside raw sEMG signals and the novel frequency density map algorithm 

(FDM), that enables the use of the frequency domain features of the sEMG signals to the 

hand gesture recognition system. (Chapter 6) 

Overall, the research presented in this thesis introduces a hand gesture recognition 

system that leverages deep learning and sEMG signals. It combines signal processing 

techniques to reduce the necessary input sensors and deep learning methodologies that 

employ spikes. The aim is to lower power consumption and reduce reaction time while 

maintaining a high level of recognition accuracy. In essence, this work offers a potential 

avenue for enhancing myoelectric prostheses to address their existing limitations. 

1.5 Thesis Outlines 

This thesis consists of 7 chapters. Chapter 1 includes the introduction, research 

motivation, research aims and objectives of the thesis. 

Chapter 2 presents the basic concepts of the sEMG technique including detection, 

processing and related hand gesture research. In addition, the concept of the human hand 

prosthetics is also given in this chapter through explaining the reasons why they were 

first invented and how they developed through history. The disadvantages of some state-

of-the-art hand prosthetics are also listed in this chapter.  
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Chapter 3 introduces the basic concepts of the artificial neural networks and their 

involvements. From the simple multiple layer perceptions to the SNNs, their structures 

and components such as neurons, layers etc. are all listed. Moreover, previous research 

works which relate to human gesture recognition are also mentioned in this chapter. 

Chapter 4 presents the first novel contribution of this thesis, a novel processing 

algorithm which converts the raw sEMG signals to heatmaps and a novel VGG based 

CNN structure, which provide a potential solution to the misclassification problem for 

current hand gesture recognition tasks. The heatmaps algorithm reduces the noise 

contained inside the raw signals and the proposed CNN structure improves the hand 

gesture recognition performance.  

Chapter 5 presents a method to minimize the required time consumption of the hand 

gesture recognition by reducing the needed sensor numbers when classifying. 

Additionally, a novel CSNN structure is also included in this chapter, which uses spikes 

rather than conventional RGB or Grey-scale images while training the network. The 

development technique enables hand prosthetics to have a faster response in real time.  

Chapter 6 introduces a novel FDM and CSNN based hand gesture recognition 

approach, which applies SSA technique and heatmaps algorithm for frequency domain 

features of the sEMG signals. This approach was evaluated and proved to be effective 

with two sEMG datasets which include 16 different hand gestures. 

Chapter 7 contains the conclusion of the contributions in this research, together with 

some relevant future works.   
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Chapter 2  

Review of EMG Signals and Hand Prosthetics 

2.1 Introduction 

In this chapter, a review of EMG signals in terms of their history, technology evolution 

and how their significance in hand gesture recognition tasks is discussed. The 

development of hand prosthetics and its combination with EMG signals is also included 

in this chapter. Section 2.2 includes the history introduction and generation methodology, 

together with some previous research of detection and processing of EMG signals. 

Several detailed classification methods such as artificial intelligences technologies 

(machine learning and deep learning) of hand gestures based on EMG signals from 

former research through decades are also included. Section 2.3 reveals the history of 

hand prosthetics and section 2.4 talks about its development after combining EMG 

signals. Section 2.5 provides a detailed introduction for the applied dataset in this 

research work. 

2.2 Electromyography (EMG) Signal 

The sEMG is short form of surface Electromyography. It is a non-invasive procedure 

involving the detection, recording and interpretation of the electrical activity of groups 

of muscles at rest (i.e., static) and during activity (i.e., dynamic) [27]. The measured 

electric signals can reflect the active level of the according motor units directly. Also, 

the recorded signals usually are shown in the form of graphs which is easy for users to 

make analyses. Figure 2.1 below indicates an example of an Electromyography. The 

Figure 2.1: Example for electromyography signal. 
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pulses in figure 2.1 are composed of sEMG signal values recorded by electromyography 

sensors at different time points. Since sEMG sensors record discrete electrical potentials 

of muscles, a relatively high sampling frequency is normally required to reconstruct more 

accurate EMG signals. 

2.2.1 History of EMG Signals 

The earliest mention of surface electromyography (sEMG) dates back to 1666, when 

Francesco Redi documented the electric-generating muscle of an electric ray fish[28]. In 

1773, Walsh observed that eel fish muscle tissue could produce electrical sparks [28]. 

Further research led to A. Galvani's 1792 publication "De Viribus Electricitatis in Motu 

Musculari Commentarius", revealing that electricity could trigger muscle contractions 

[29]. Dubois-Raymond made a significant breakthrough in 1849 by demonstrating that 

electrical activity during voluntary muscle contractions could be recorded [30]. Based 

on his theory, Marey successfully recorded this electrical activity in 1890 and named the 

method electromyography [31]. Gasser and Erlanger showed electrical signals from 

muscles through oscilloscopes. Because of the randomness of the EMG signals, only 

rough information was obtained from their observation [28]. However, the potential 

industrial and medical ability showed by them of the EMG signals attracted massive 

attention of various researchers and led to a steady development for the following two 

decades. Moreover, from 1930s to 1950s, improved electrodes were applied more widely 

for muscle research, which further improved the collected EMG signals’ quality [28]. 

The first successful medical application of EMG signals was achieved by Hardyck and 

his colleagues for the treatment of specific disorders in 1966 [31]. In the early 1980s, a 

clinical method for scanning a variety of muscles through EMG sensing devices were 

proposed by Cram and Steger [31]. Through their discovery, the development of EMG 

based medical application began to flourish. 

 In 1980s, the integration techniques in electrode manufacturing became sufficiently 

advanced to allow batch production of small and light weight instrumentation and 

amplifiers [28]. The combination of these two-technique breakthrough further expanded 

EMG application scope. A better understanding for EMG signal recording technology 

was gained through past years’ research and massive suitable hardwires are 

commercially available nowadays.  



25 
 

In recent years, the EMG technique has evolved to sEMG (surface electromyography) 

technique. By just placing electrodes in the surface of the muscles, one can easily record 

detailed muscle activities which previously could only be achieved through inserting 

intramuscular needles. This improvement not only makes the medical diagnosis and 

treatment in clinical protocols more convenient, but also is adopted by many prosthesis 

production companies.  

Furthermore, the majority of methodological advancements have originated within 

specific regions, leading to a diverse array of methodologies across various user groups. 

This prompted the emergence of the European concerted action  SENIAM (surface EMG 

for non-invasive muscle assessment) [32]. A crucial aim of SENIAM was not merely to 

foster collaboration among European entities, but also to develop guidelines pertaining 

to sensors, their placement, signal processing methodologies, and modeling strategies. 

2.2.2 EMG Signal Detection 

Normally, sEMG signal recording requires delving into the complex processes that 

occur in the human body, from the firing of motor neurons to the measurement of 

electrical signals.  

Human muscle control involves motor neurons within the central nervous system [33]. 

These neurons transmit electrical impulses when the brain commands a muscle to 

contract or relax. Muscle fibers are organized into motor units for precise control [33]. 

When a motor neuron receives a signal for muscle contraction, it generates an action 

potential, which travels to the neuromuscular junction. There, it triggers the release of 

acetylcholine, leading to muscle cell membrane depolarization. This signal spreads 

through T-tubules to the sarcoplasmic reticulum, releasing calcium ions [34]. These ions 

facilitate the interaction between myosin and actin, causing muscle contraction—the 

sliding filament theory. As muscles contract and relax, they generate electrical activity, 

and this electrical activity is the actual sEMG signal [32]. 

There are two issues of concern which remain unsolved, but which have major 

influence on the signal fidelity. The first one is SNR (signal-to-noise-ratio), which is the 

ratio of the energy in EMG signals to the energy in noise signals. Normally, the noise in 

detection is often generated from electrical signals that are not part of the desired EMG 
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signal. The other one is the distortion of the signals, meaning that the relative component 

in the EMG signal should not be altered when recording. 

When detecting EMG signals nowadays, two types of improved electrodes are 

commonly applied: invasive electrode and non-invasive electrodes. The non-invasive 

electrodes are located on the surface skin while invasive electrodes are normally in the 

form of needles and needed to be inserted into the muscle. Furthermore, both electrodes 

are mounted directly on the skin when recording. As the recorded signal is a composite 

of all the muscle fiber action potentials and these action potentials often occur at random 

intervals, the collected EMG signal might have either positive or negative voltage. For a 

single muscle fiber action potential, its obtained information is commonly limited so the 

combination of action potential from all the muscle fibers which named as the motor unit 

action potential (MUAP) is often used instead in today’s detection process. Equation 2.1 

indicates a simple model [35] of the EMG signal: 

𝑋(𝑛) = ∑𝐻(𝑟)𝐸(𝑛 − 𝑟) +𝑊(𝑛)

𝑁−1

𝑟=0

  (2.1) 

where 𝑋(𝑛) is the EMG signal. 𝐸(𝑛) represents the firing impulse. 𝐻(𝑟), indicates 

the MUAP. 𝑊(𝑛) represents zero mean additive white Gaussian noise and N is the 

number of motor unit firings. 

There are various methods for EMG signal detection. The earliest used one is visual 

inspection by trained observers, meaning asking pre-trained professionals to check 

motor-related events visually [35]. The most commonly and intuitively computer-based 

method of time-locating the onset of muscle contraction activity is called “single 

threshold method”, which compares the EMG signal with a fixed threshold. This 

methodology is based on comparison of the rectified raw signals and an amplitude 

threshold which depends on the mean power of the background noise [36]. Though this 

method is more advanced compared to the visual inspection, however, due to the 

measured signal values depending strongly on the choice of threshold, it sometimes 

could not provide accurate results. Moreover, the single threshold method often relies on 

criteria that are too heuristic and does not allow users to set the detection and false alarm 
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probabilities separately. To overcome the drawbacks of the single threshold method, 

Bornato et al. [37] introduced “double threshold detection method” in 1998. Providing 

higher detection probability, this method allows users to adopt the link between alarm 

and detection probability with a higher degree of freedom compared with signal 

threshold method. Furthermore, users can tune a detector according to different optimal 

criteria to make its performance adaptable for characteristics of specific signals and 

applications. In 2004, a new method was proposed based on the original double threshold 

detection method, by Lanyi and Adler [38], considering that Bornato’s method is 

complex, computationally expensive and requiring a whitening of the signal. Lanyi’s 

method is more sensitive, stable and efficient with decreased computation cost.  One of 

the specific disadvantages to the method of Bornato is that to achieve the maximum 

detection probability, one of the thresholds must be set equal to “1”. This implies that 

the double threshold detector turned into a single threshold detector. Another solved 

problem in Lanyi’s method is that the signal whitening step is no more required. As this 

process occupies a lot of computation time and reduces detection probability of the signal, 

which will relate in missing part of activation interval, Lanyi’s method marks a 

significant step forward in EMG detection. 

2.2.3 EMG Signal Processing 

After acquiring raw EMG signals, various signal processing methods are required as 

the contained useful information are hiding behind things like noises.  

One of the commonly applied signal processing method is the Wavelet transform (WT) 

as wavelets can analyse both the time and frequency domain features [39]. The WT has 

been proved as an efficient mathematical tool for local analysis of nonstationary and fast 

transient signals. One main characteristic of WT is that it can be implemented by means 

Figure 2.2: Mexican hat wavelet and typical unipolar MUAP shape [37]. 
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of a discrete time filter bank [40]. The work in [41] argues that if the wavelet analysis is 

chosen as to match the shape of the MUAP, the resulting WT yields the best possible 

energy localization in the time-scale plane. In 1997, Laterz and Olmo [42] discovered 

that WT is an alternative to other time frequency representations. It contains the 

advantage of being linear, producing a multiresolution representation and not being 

affected by crossterms when dealing with multicomponent signals. As EMG signals can 

be considered as the sum of scaled delayed versions of a single prototype, these 

advantages are particularly relevant. Laterz and Olmo applied the well-known Mexican 

hat wavelet in their approach, which is indeed the second-order derivative of a Gaussian 

distribution. The form of Mexican hat wavelet and typical unipolar MUAP shape are 

shown in figure 2.2.  

The disadvantage of the Mexican hat wavelet is obviously shown in this figure: 

Mexican hat wavelet is not perfectly matched to the MUAP shape. Thus, other research 

kept aiming at creating a perfect matching. In 1998, Ismail and Asfour [43] came with a 

theory that the optimal method to determine the frequency spectrum of EMG are the fast 

and short-term Fourier transforms (FFT and STFT).  But they also pointed out the major 

drawback of this approach is the signal stationary assumption applied, while the EMG 

signals are nonstationary. Pattichis and Pattichis [44] found out that WT can also be used 

to analyse signals at different resolution levels. The continuous time signal expression 

for signal samples 𝑥0, 𝑥1, 𝑥2, …, based on their theory is shown by equation 2.2,  

𝑓0(𝑡) =∑𝑥𝑘∅(𝑡 − 𝑘)

𝑘

  (2.2) 

where 𝑓0(𝑡) is the continuous time signal, ∅(𝑡 − 𝑘)is called a scaling function. This 

indicates that the signal samples are weighted averages of the continuous signal. In 2003, 

Kumar et al. [45] produced an approach that decomposed the signal into several 

Figure 2.3: Processing flowchart for Kumar's approach [40]. 
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multiresolution components according to a basis function called “wavelet function”. The 

processing flowchart is shown in figure 2.3. This method can be seen as a mathematical 

microscope that provides a tool to detect and characterize a short time component within 

a nonstationary signal. Utilizing Wavelet Transform (WT) in conjunction with various 

Wavelet Functions (WFs), they devised a method to decompose EMG signals. The 

output obtained from the power transform domain is then computed and employed as the 

pivotal criterion in selecting the optimal WF, which yields the most distinct contrast 

between different EMG scenarios. In accordance with Kumar's theory, this approach 

facilitates a straightforward determination of muscle fatigue, also known as muscle 

failure status.  

Another commonly applied processing method is called Time-frequency approach. 

This kind of method focuses on gaining quantitative information from EMG signals in 

time domain. Cohen class transformation, Wigner-Ville distribution (WVD), and Choi-

William’s distribution are famous time-frequency approaches used for EMG signal 

processing. Cohen class transformation proposed by Cohen in 1995 is good at analysing 

EMG signals recorded during dynamic contractions, which can be modelled as 

realizations of nonstationary stochastic process [46]. The Wigner-Ville distribution 

(WVD) [46] is a time-frequency that can display the frequency as a function of time, 

thus utilizing all available information contained in the EMG signal. Ricamato et al. 

proposed that WVD could be used to display the frequency ranges of the motor unit in 

1992 [47]. Equation 2.3 presents the Wigner-Ville distribution formula. 

𝑊𝑥(𝑡, 𝜔) = ∫ 𝑥 (𝑡 +
𝜋

2
)

∞

−∞

𝑥∗ (𝑡 −
𝜋

2
) 𝑒−𝑗𝜔𝜏𝑑𝜏  (2.3) 

where 𝑥(𝑡)  and 𝑥∗(𝑡) represents the signal and its complex conjugate. As WVD 

implementation needs a discrete form in digital computer, the fast Fourier transform is 

often applied, which produces a discrete-time or discrete-frequency representation. The 

Choi-William’s distribution theory [48] was proposed in 1993. Compared with previous 

methods, the major improvement of the Choi-William’s distribution is that it 

substantially reduces the interface for when detecting EMG signals.  
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The last commonly applied EMG processing method is Autoregressive model. This 

model enables input delayed intramuscular EMG to be formed in an AR model formation 

[28]. The autoregressive (AR) time series model was invented as surface electrodes will 

pick up EMG activity from all the active muscles in its vicinity, with only minimal 

crosstalk from adjacent muscles. In 1975, Graupe and Cline [49] first introduced the 

autoregressive moving average (ARMA) model to represent EMG signals. Based on 

their results, the EMG signals can be considered stationary over sufficient short time 

intervals. In 1980, Sherif replaced the model with an AR, integrated moving average 

(ARIMA) representation [50]. He also characterized the nonstationary nature of the 

EMG signal during different phase of muscle activity [50]. In 1986, Bernatoes et al. [51] 

employed a static nonlinear element with time-varying autoregressive moving average 

model. In 1989, Moser and Graupe [52] created a nonstationary identifier of time-

varying AR parameters. However, the computation cost of ARIMA model is high and 

the determination of the model order is difficult and complex sometimes.  

2.2.4 EMG Signal-Based Gesture Classification Techniques 

Once obtained the processed EMG signals, various classification methodologies are 

used to create real world applications with them. The classification of the EMG data into 

their constituent motor unit action potential is normally a difficult task because of 

MUAPs waveform variability, jitter to single fiber potentials and MUPAs superposition 

[53]. In this section, three mainly used classification tools are introduced. They are based 

on a) Artificial Intelligence; b) Motor Unit Number Estimation methodology; c) 

hardware model. 

Often, the common feature for classifying intramuscular EMG signal means the 

Euclidean distance is used between the MUAP waveforms [16]. The main features of the 

EMG signal are the number of active motor unit (MUs), the innervations time statistics 

and the MUAP waveforms. Based on Welling and Moschytz research results [54], the 

key points which dominating the classification results are MUAP waveforms and 

number of active MUs. Normally, the classification results can be influenced by noise 

such as background noise, offsets noise and white noise. According to Boualem and 

Peter’s research, the time frequency representation of WVD provided high-resolution 

signal characterization in time-frequency space and good noise rejection performance 

[55].  
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The first popular classification method for EMG signal is based on Artificial 

Intelligence. In 1995, Christodoulou and Pattichis [56] proposed their three steps’ ANN 

classification procedure: In the beginning, the unsupervised learning was applied based 

on the one-dimensional self-organizing feature map and competitive learning. Then, to 

improve pre-gained the classification results, learning vector quantization was 

introduced. Finally, the classification results were produced. Their research outputs 

drawn great attention because of the ability to adopt and create complex classification 

boundaries performed by their ANN. Figure 2.4 shows their classification strategy. 

 In 2000, Chan et al. published their work, a DRNN (deep recurrent neural network) 

which is more dedicated to EMG classification tasks [57]. Their output shows the 

designed DRNN successfully identifying the complex mapping between full wave 

rectified EMG signals and upper limb trajectory. Besides the neural network, Cheron et 

al. [58] proved that the fuzzy logic system can also deal with the classification problems 

Table 2.1: Comparation results for fuzzy logic system and neural network. 

Method Accuracy Rate 

Coefficients of AR ([58]) 99% 

Neural Networks ([58]) 84% 

Fuzzy System ([58]) 85% 

 

Figure 2.4: Classification strategy for ANN approach [51]. 
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and might be superior compared with neural networks as the more consistent and non-

over-training classification results the fuzzy logic system provided. The results 

comparation between fuzzy logic system and neural network are listed in table 2.1. 

The second classification method is known as Motor Unit Number Estimation 

(MUNE). MUNE aims at evaluating the motor axons connected to a muscle. However, 

all MUNE techniques are based on assumptions which required to be fulfilled to produce 

valid estimates [59]. In 1971, McComas [60] proposed a neurophysiological 

methodology to estimate the number of motor units in a muscle. In his approach, a 

maximal bioelectric response of the muscle was recorded through EMG following a 

supramaximal electrical stimulation of the muscle’s nerve. Then, the maximal EMG 

response was divided by the estimate average value of the single motor unit response. 

The result was an estimate number of the single motor unit responses that compose the 

maximal EMG response. In 1998, Zhengquan Xu and Shaojun Xiao [61] proposed an 

approach for estimating the mean and standard deviation of inter-pulse intervals (IPIs) 

of individual MUAP units. The firing parameters were estimated by a weighted matching 

between the observed IPI probability density function and the modelled function. The 

weighted function applied was to approximate the validity of IPI data as all valid 

information provided are utilized as far as possible. Their method was proved to provide 

reliable estimations even if the MUAP trains are extracted with significant errors. For 

this reason, the methodology is very good when estimating the firing statistics of surface 

EMG where the individual MUAP trains are difficult to be accurately identified. To 

address the problem that the basic shape of MUAP can be represented by a very small 

number of waveforms or wavelet functions, Ping and Rymer [62] provided methods to 

estimate the number of MUAPs present in standard surface EMG records through 

wavelet based matching techniques. Although the increase of the correctly estimated 

maximum MUAP number was small, their model still showed an advantage on correctly 

estimating the number of MUAPs in EMG signals at higher force level. In 2005, Major 

and Jones [63] applied four MUNE techniques: Incremental Simulation, Revised 

Incremental, Multiple Point Stimulation and Spike-Triggered Averaging on Ping and 

Rymer’s model. The applied techniques allow a detailed testing of methodological 

assumptions in different MUNE techniques which will lead to a more accurate and 

reliable method of performing MUNE. According to their results, the estimated number 

of functional motor unites in a muscle can be represented as in equation 2.4. 
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𝑁 = 
(max𝐶𝑀𝐴𝑃)

(𝑚𝑒𝑎𝑛 𝑆𝑀𝑈𝑃)
  (2.4) 

where CMAP (Simulations of motor unit number estimation techniques) indicates 

the compound muscle action potential and SMUP indicates mean single motor unit 

response. 

The third often used classification method which is also the earliest invention is the 

hardware model. The microprocessor system for myoelectric signal classification was 

proposed by Graupe et al. [64]. The device was built on an 8080 Intel Corporation 

microprocessor which is an 8-bit parallel central processing unit. A 40-pin dual in-

line ceramic package which has a 2 µs instruction time was placed on a single Large-

Scale Integration (LSI) chip with N-channel silicon gates, followed by a 4K-bytes 

semiconductor memory.  Furthermore, a hardware multiplier unit was interfaced with 

the microprocessor in order to increase the processing speed. In 1999, Yen et al. [65] 

designed instrumentation amplifier, gain control stage and filters into a chip for 

processing EMG signals in adequate amplitude and limited bandwidth since they 

contain characteristics of low voltage amplitude and low frequency common mode 

noise. The chip has achieved goals of low cost, minimizing layout area and low power 

consumption. In 2001, a two-step incremental evaluation of a prosthetic hand 

controller that based on a floating-point CPU or a neural network was proposed by 

Torresen [66]. Through applying gate level EHW, such implementation can make it 

more feasible to be installed inside a prosthetic arm. The structure of the controller is 

shown in figure 2.5.  

Figure 2.5: Structure of Yen's controller [60]. 
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Each of the six prosthetic motions in figure 2.5 contains one sub-system. In each 

sub-system, the binary inputs are represented by a number of different units starting 

by the AND-OR units. Then, a layer of AND gates is formed, followed by a layer of 

OR gates. The input number for each gate is the same and can be chosen as two, three 

or four. The OR gates’ outputs are routed to the selector which selects which of these 

outputs are to be counted by the succeeding counter. In the end, the max detector 

outputs which counter corresponding to one specific motion having the largest value. 

Each output from the Max Detector is connected to the corresponding motor and the 

input can be considered correctly classified only if the counter having the largest value 

corresponds to the correct hand motion. 

The constraint imposed by the limited length of chromosome strings poses a 

significant challenge in the evolution of hardware systems. Typically, intricate 

systems necessitate the utilization of extended strings. Consequently, as the string 

length escalates, genetic algorithms generate vast quantities of chromosome 

generations [28]. Nevertheless, the primary advantage of the hardware model is 

undeniable: Evolution proceeds in a bottom-up fashion across identical devices, rather 

than being confined to a single operation on the entire evolvable unit. 

2.3 Hand Prosthetics 

Looking through human history records, various amputations such as front arm 

amputations have caused a huge disability globally. As the human body does not have 

a regeneration ability, the only solution is to replace the lost part with a prosthesis. All 

amputations are important, especially hand amputations because they prevent several 

preform functions for the amputees who unfortunately have it. Still, prosthetic 

hardware remains limited by weight, durability, and power supply. Human muscles, 

in contrast, are highly adaptive and precise, making their functions difficult to 

replicate. Modern state-of-the-art prostheses address this gap through myoelectric 

control, neural interfaces, and sensory feedback, offering more natural movement and 

improved quality of life. 

Human upper limb is a vital part of the body, and any partial or complete loss of 

the upper limb can cause significant effort on a person’s ability. For any human upper 

limb, there are three sections: hand, forearm, and arm. Each of  these three sections 
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contains massive nervous system, musculoskeletal systems, and its surroundings [67]. 

To perform various daily activities, all these three sections are essential.    

Taking forearm as an example. The forearm muscles are biologically divided into 

two parts: the anterior flexor compartment and the posterior extensor compartment 

[67]. To achieve any hand movements such as moving the elbow, wrist and digits of 

the hand, all muscles of these two compartments are required. Additionally, according 

to these muscles’ functions, they can also fall into two categories: intrinsic and 

extrinsic muscles [67]. The intrinsic muscles function to move the forearm by 

pronating and supinating the radius and ulna while the extrinsic muscles flex and 

extend the digits of the hand [67].   

Until now, the only way for hand prosthetics to restore amputees’ hand functions 

is imitating upper limb muscles’ functions.       

One of the earliest records of a prosthetic hand was described in 77AD by Roman 

scholar Pliny the elder in his encyclopaedia [68]. After losing a hand in the Second 

Punic War (218–201 BC), Marcus Sergius, a Roman general, received a prosthesis 

that enabled him to return successfully to battle.  

One of the most famous earlier hand prothesis example in the west was the iron 

hand of a German knight Götz von Berlichingen [69]. After losing his hand during 

the Siege of Landshut, an artisan forged an iron hand with flexible and extendable 

digits at the metacarpophalangeal, proximal interphalangeal, distal interphalangeal 

joints and thumb interphalangeal joint for him. As presented in figure 2.6. The 

fashioned hand allowed Götz to re-hold weapons and return to the war. However, this 

Figure 2.6:  Götz von Berlichingen's iron hand [61]. 
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prothesis was considered as an armour instead of an assistance device that time and 

due to its own weight, thick leather straps were required when equipping.  

Another famous record for early hand prothesis was from Italian historian and 

physician Paolo Giovio [69]. In his record, the Turkish pirate Horuk Barbarossa lost 

his right arm in the battle of Bugia when against Spain in 1577. With an iron 

replacement, he was able to re-join the fight and finish it. About 100 years later, the 

Duke Christian of Brunswick also received a same replacement for his left arm which 

lost in the battle of Fleury [69]. Yet, all prothesis from these examples were forged in 

the purpose of war.  Despite being heavy and needing control by the abled hand of the 

amputee, the early hand prothesis still restored part of the real hand ability.  

It was not until 1600 when Italian surgeon Giovanni Tommaso Minadoi [69] 

described a hand prothesis that could help an amputee to remove a hat, open a wallet 

or even write using a quill, that the noncombative hand prothesis began to attract 

people’s attention. In the 16th century, the French military surgeon Ambroise Paré 

[70] drew the first detailed design of a spring-loaded prosthetic hand which later 

named “Le Petit Lorrain” shown in figure 2.7.  

In conclusion, these hand prosthetics were not simple tools to hold objects, but they 

were specially designed and crafted in the human-hand form. However, the expensive 

forging price meant that only the wealthy could afford such kind of customized 

devices.   

Figure 2.7: Le Petit Lorrain [63]. 
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 The concept of an automatic hand came from by a German dentist Peter Baliff in 

1818 [71]. The device he invented was able to elicit motion for hand amputees by 

girdling the intact muscles of the trunk and shoulder in a terminal device attached to 

the amputation stump. For the first time the amputees could control their prosthesis 

with fluid body motions instead of a distinct foreign object. In 1860, Comte de 

Beaufort [72] from France improved Peter’s design by passing through a loop to the 

contralateral axilla and missing limb with a strap which buttoned to the trousers. With 

this improvement, an amputee could open and close a double spring hook or flex and 

extend the thumb on a prosthesis with fused fingers through manipulating the strap 

tension.  In 1916, German surgeon Ferdinand Sauerbruch [73] produced his upper arm 

muscle movements transmission-based digits-controlled prosthetic. According to his 

film captures, the amputees were able to drink from a teacup and even to remove a 

match from a box to light a cigarette through manipulating his invention. 

Unfortunately, like previous situations, due to the high cost of the production, only a 

few rich individuals could afford the device. 

Both World War I and World War II caused casualties in numbers previously 

unimagined. After World War I, the Unite States created an amputee rehabilitation 

programs to help majority upper limb amputees to regain some working abilities by 

disturbing prosthetics with sockets and a universal terminal device allowed the 

attachment of various work tools [74]. Other countries such as Canada also realized 

the need to provide support to amputees and this led to the creation of the Amputations 

Association of the Great War [70]. All those country efforts brought rapid 

development for hand prosthetics during that time. By the end of World War II, the 

huge demand for upper limb prosthetics led to the creation of various artificial limb 

research and development organizations like the US Committee on Prosthetics 

Research and Development and the Canadian Association of Prosthetics and Orthotics 

[70]. In 1948, the Bowden cable body-powered prothesis was invented to replace 

straps with a sleek and sturdy cable [75]. With Bowden cable body-powered prothesis, 

an amputee could operate a terminal device in an impressive range of motion, speed 

and force by changing the tension in a cable via preserved shoulder and body 

movements. One of the main improvements shown by the new device was that it 

permitted users to complete tasks more efficiently by allowing them to use both hands 

simultaneously, rather than requiring an integral hand for controlling. Another 
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improvement was that the users were able to predict and adjust the position of the 

prosthetic through sensing cable tension without any visual feedback. Thus, with the 

durable, portable and relatively affordable characteristics, Bowden’s prothesis 

became quite popular and widespread since invented. In fact, today’s body-powered 

prostheses are essentially adaptations of Bowden’s design. Despite the disadvantages 

such as that prolonged wearing can be uncomfortable, complicated motor tasks are 

limited e.g. using the equipment to grab an egg, the body-powered prostheses are 

widely used nowadays [76]. 

2.4 EMG Based Hand Prosthetics 

When it comes to 20th century, scientists and engineers started to focus on combing 

traditional hand prosthetics with electromyography techniques due to the 

achievements on both fields in past decades. In 1919, a German book named 

“Ersatzglieder und Arbeitshilfen (Limb Substitutes and Work Aids)” was published 

[77]. The book contained conceptual designs for the first externally powered 

prostheses which began to be known by the whole world. Though, these revolutionary 

designs were too complex to be achieved with contemporary technology, they can still 

be considered as the first attempts of hybrid prosthetics. 

About 29 years later a physics student Reinhold Reiter from Munich University 

created the first real hybrid prosthesis [78]. This kind of devices which was later to be 

known as myoelectric prosthesis, amplified surface electromyography signal 

potentials to power motorized parts. However, Reiter’s published work was not 

Figure 2.8 Bebionic Hand 8E7 [83].  
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widely appreciated, and this ground-breaking device did not receive any commercial 

or clinical acceptance. 

The first successful industry myoelectric prosthesis was invented by Russian 

scientist Alexander Kobrinski in 1960 [79]. The applied transistors not only reduced 

the size but also allowed portability of the equipment through belt and wires. The 

device was even improved through the use of a skin-coloured rubber cosmetic glove 

as a cover. Although this device was quite popular in US and Canada, it also had 

numerous problems: heavy weight, slow movement, weak pinch force, easily broken 

wire connections and, most important, electrical interference compromised reliability.  

By the 1980s, myoelectric prostheses were extensively used in rehabilitation 

centres worldwide. Nowadays, they have become the most common choice for hand 

amputees [80] due to their advantages which includes a reduction of harnessing, 

access to effortless strength and multiple grip patterns, more natural hand movements 

and more intuitive control abilities [81]. The breakthroughs in material fields allowed 

lighter and more ergonomic designs for the myoelectric prostheses [82]. Moreover, 

the driving power has evolved from compressed gas into rechargeable nickel-

cadmium batteries. The bebionic hand, designed by Ottobock, is one of the state of 

art myoelectric prostheses [83]. As shown in figure 2.8, 14 selectable grip patterns 

and hand positions enable users to perform a huge number of daily activities. Also, 

companies such as Hosmer (part of Össur), Fillauer, TRS Prosthetics, College Park 

Industries etc. also produce myoelectric prostheses with excellent quality and 

durability [84][85]. 

Compared with earlier versions, modern myoelectric prostheses offer 

improvements in both comfort and aesthetics by eliminating external cables and 

incorporating life-like silicone overlays. The use of surface electromyography 

remains non-invasive and safe, with operational effort comparable to natural limbs 

[86]. Control muscles differ depending on the level of amputation; for instance, trans-

radial amputees typically use preserved wrist flexors and extensors, while trans-

humeral amputees also engage biceps and triceps [87] [88]. Current state-of-the-art 

prothesis enable multiple grip patterns, proportional finger control, and more natural 

appearance. Advances in lightweight materials, rechargeable batteries, and 
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microprocessor-based adaptive control further enhance usability, while ongoing 

research into sensory feedback aims to restore tactile perception. 

Yet, several challenges remain unresolved in the myoelectric prosthesis field. 

Unlike body-powered devices, they rely on external power and require frequent 

recharging [89]. Training to isolate muscle signals is time-consuming, and complex 

movements often demand simultaneous finger, wrist, and elbow articulation. 

Response delays, electrode shifts, and skin conditions such as sweating can all disrupt 

sEMG signals [87]. The absence of sensory feedback forces constant visual 

monitoring, which is unnatural and error prone. Moreover, high cost remains a major 

barrier: in the 1990s, myoelectric prostheses were about six times more expensive 

than body-powered ones [70], and although material innovations have lowered prices, 

affordability is still limited [90][91][92]. Finally, each device must be customized for 

a single amputee, as sEMG signals vary widely between individuals.  

2.5 Dataset Applied for Research 

All experiment results demonstrated in this paper were based on two datasets. One is 

Strathclyde dataset, which includes forearm sEMG signals collected from 13 healthy 

people and 9 amputees. The other one is CapgMyo dataset, an open-source dataset with 

23 able-bodied participants. 

2.5.1 Strathclyde Dataset 

The sEMG hand gesture dataset used in this chapter was collected by the DSP group 

members of the EEE department of Strathclyde University [93]. The whole dataset 

comprises of the summation of different MUAP with its amplitude which including some 

external noise due to the acquisition process. In total, 22 participants with 12 distinct 

hand gestures were included.  

The raw sEMG datasets were first amplified and sampled with a frequency of 2048 

HZ. Following was a denoising process that consisted of two parts. Most sEMG activity 

happens between 5 Hz and 450 Hz according to previous research [94]. The first part of 

the denoising was achieved by a hardware filter comprising a high pass filter with a 3Hz 

cut off frequency and a low-pass filter with cut off frequency at 900 Hz.  
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Table 2.2: Amputee Participant Information [93] 

Participant 

ID 
Age Gender 

Level of 

amputation 

Time since 

amputation in 

years 

B01 68 M Mid TR 36 

B02 64 M Mid TR 31 

B03 57 M Kuechenberg 40 

B04 75 M Mid TR 74 

B05 56 M Long TR 22 

B06 57 F Short TR Congenital 

B07 37 M Long TR Congenital 

B08 17 M Long TR Congenital 

C01 44 F 5 Fingers  1 

C02 41 M 5 Fingers 3 

C03 45 M 5 Fingers 3 

C04 45 M 5 Fingers 1 

C06 43 M 5 Fingers 3 
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Among the participants, 9 of them are able bodied individuals and the rest are 

amputees with different levels of hand amputations. The amputee participants included 

5 partial-hand (which had all five fingers amputated to some extent while the wrist joint 

was kept intact) and 8 trans-radial amputees (including three congenital cases) [93]. 

Detailed information about the level of amputation and time since amputation of the 

volunteers is shown in table 2.2. 

Figure 2.9 indicates the schematic diagram of a signal acquisition device which 

consists of 2 separate bands. The left picture shows the upper band with the first 64 

sensors placed on the top of the forearm and the right picture shows the lower band 

attached to the bottom of the forearm, with the remaining 64 sensors. Figure 2.10 shows 

an example of the recording process for 12 gestures.  

The data collected from the participants was categorized as follows for analysis: (i) 

able-bodied participants, (ii) partial-hand amputees and (iii) trans-radial amputees [93]. 

The recording process starting with placing one high density electrode array consisting 

of 64 channels [95] over the flexor compartment muscles and another identical electrode 

array over the extensor compartment muscles [93]. Each electrodes inside these two 

arrays had a diameter of 2mm and was spaced at a distance of 8mm from one another 

[93]. The recording was performed in a floating monopolar configuration. Participants 

were seated comfortably and rested their forearms on a desk with their elbows flexed. 

They were requested to perform bilateral hand gestures when prompted by text displayed 

on a monitor placed directly in front of them. For each gesture, same gesture cue was 

Figure 2.9:  Structure of the collecting device. 
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repeated 5 times [93]. When recording, participants were instructed to imagine the action 

being carried out and contract their muscles at their normal strength. In addition, for 

unilateral amputees, a mirror box was positioned over the amputated arm to hide that 

arm from the amputee’s field of view to assist the amputee to visualize the required 

Figure 2.11: (a) and (b): Placement of the two 64-channel electrode arrays on the flexor 

compartment muscles and extensor compartment muscles, respectively. 

(a) to (e): Partial-hand amputation of participants C01, C02, C03, C04, and C06, 

respectively. (f): A mirror box positioned over the amputated arm. 

 

Figure 2.10: (a) and (b) show 1 to 128 sensors attached on amputee’s forearm. (c) and (d) show 

1 to 128 sensors attached on able-handed participant’s forearm. 
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gesture which happens on the side of his/her amputation [93]. The recording procedure 

is shown in figure 2.11. 

Generally, the 12 distinct gestures performed by all the participants including the 

amputees. They were all performed from rest in an interval of 3s and maintained for 4-5 

seconds, followed by a rest period of 3-4 seconds [93]. Additionally, the sensor locations 

remained the same for both amputees and able-bodied participants when recording for 

the same gesture (if the amputee does not have the muscles to perform the gesture, these 

sensors are abandoned and the rest sensors are placed at the same position as for the able-

Figure 2.12: Classified gestures (a) lateral; (b) tripod closed; (c) palm down; (d) palm 

up. 

 

Figure 2.13: Classified gestures (a) close; (b) extension; (c) flexion; (d) point. 
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bodied participants). Though 12 gestures were recorded, as the strength of the sEMG 

signals of some gestures performed by amputees are too weak when analysing, we 

selected 8 gestures whose strength was strong for all participants for classification task. 

Figures 2.12 and 2.13 present all 8 applied gestures. 

Table 2.3: Muscles for Each Gestures[96] 

Gesture Muscles 

Close 
Flexor Digitorum Superficialis; Flexor Digitorum 

Profundus; Flexor Carpi Ulnaris; Flexor Carpi Radialis 

extension 
Extensor Digitorum; Extensor Carpi Radialis Longus; 

Extensor Carpi Radialis Brevis; Extensor Carpi Ulnaris 

flexion 
Flexor Digitorum Superficialis; Flexor Digitorum 

Profundus; Flexor Carpi Ulnaris; Flexor Carpi Radialis 

point 
Extensor Digitorum; Extensor Carpi Radialis Longus; 

Extensor Carpi Radialis Brevis 

lateral 
Flexor Carpi Ulnaris; Flexor Carpi Radialis; Extensor 

Carpi Radialis Longus; Extensor Carpi Radialis Brevis 

tripod closed 

Flexor Digitorum Superficialis; Flexor Pollicis Longus; 

Flexor Digitorum Profundus; Flexor Carpi Radialis; 

Flexor Carpi Ulnaris 

palm down 
Extensor Digitorum; Extensor Carpi Radialis Longus; 

Extensor Carpi Radialis Brevis; Pronator Teres 

palm up 
Flexor Digitorum Superficialis; Flexor Digitorum 

Profundus; Flexor Carpi Ulnaris 
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Additionally, when recording data for the recognition of eight different gestures, 

nearly all the muscles in the forearm are engaged [96]. For instance, as illustrated in 

Figure 2.13, the "gesture close" involves the activation of the Flexor Carpi Ulnaris, 

Flexor Digitorum Superficialis, Flexor Digitorum Profundus, and Flexor Pollicis Longus 

muscles. On the other hand, the "palm-down" gesture not only engages the 

aforementioned four forearm muscles but also necessitates the involvement of the 

Pronator Teres muscle for forearm pronation. The specific muscles required for each 

gesture are detailed in Table 2.3. 

2.5.2 CapgMyo Dataset 

The Capgmyo dataset consists of 23 healthy, able-bodied participants ranging in age 

from 23 to 26 years. It was collected through a non-invasive wearable device. The device 

contains 8 acquisition modules. Each acquisition module includes a matrix-type (8x2) 

differential electrode array. On each side of the acquisition board, eight pairs of 

electrodes are situated. Each electrode within a pair measures 10mm × 10mm × 1mm, 

with a 20mm separation between the two acquisition electrodes. Additionally, to mitigate 

common-mode interference, a reference electrode sized at 10mm × 4mm × 1mm is 

positioned at the centre between the two acquisition electrodes [97]. The whole database 

consists of 3 sub-datasets (channel DB-a, channel DB-b and channel DB-c). Each gesture 

for DB-a was held for 3 to 10 seconds. Because readings for gestures were taken at 

different times, the electrodes cannot be placed at the exact same position each time so 

the collected signals have tiny differences [97]. The DB-c contains 12 basic hand 

Figure 2.14: (a) Thumb up; (b) Extension of index and middle, flexion of the others; (c) Flexion of ring and 

little finger, extension of the others; (d) Thumb opposing; (e) Abduction of all fingers; (f) Fingers flexed 

together in fist; (g) Pointing index; (h) Adduction of extended fingers. 
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gestures’ movements from 10 of the 23 participants. In total, 8 isometric and isotonic 

hand gestures were selected and applied from 18 of the 23 participants for the research 

from DB-a giving that the electrodes of DB-b cannot be guaranteed to place on the exact 

position each time and DB-c are just finger movements, so we just used DB-a as it 

contributes to the most hand gestures.  

Because of characteristics such as the gesture performing time length and repeat 

performing numbers per hand gesture per participant, the denoising pre-processing of 

the CapgMyo dataset is different compared with our collected sEMG signals mentioned 

in section 2.5.1. Therefore, the format of the formed common heatmaps can be 

guaranteed unchanged (as it has the same sensor amount and similar attached positions 

as ours), we did the same denoising process to ensure as much compatibility as possible). 

Each selected sEMG signal from DB-a was passed through a band-pass filter with 20-

380 HZ and sampled at 1000 HZ. Moreover, the obtained value of each signal was 

normalized to the [-1,1] range. The chosen 8 hand gestures performed are shown in figure 

2.14. 

2.5.3 Pre-processed sEMG Dataset with SSA  

The research work presented in chapter 6 involves an improved technique, singular 

spectrum analysis (SSA) [98] for trends, smoothing and further extraction of periodic 

components for sEMG signals. As the recorded sEMG signals from both datasets 

(Strathclyde dataset and CapgMyo dataset) consist of the summation of values of 

different MUAPs plus some additional noise, after first applying traditional noise 

reduction methods to remove external noise (shown in section 2.5.1 and 2.5.2), the SSA 

is then applied. 

As introduced in the beginning of this section, the SSA is a recent technique for time 

series analysis and forecasting which is able to decompose an original series into several 

independent components that are interpretable as varying trend, oscillations, or noise 

[99]. Since created,  the SSA has been used on several applications such as effective 

feature extraction in hyperspectral imaging and achieved great success [100].  

The conventional SSA can be applied in the following steps for a given 1D signal 𝑥 =

[𝑥1, 𝑥2, ⋯ , 𝑥𝑛 ] ∈ 𝑅
𝑛. 
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⚫ Embedding 

Defining a window size 𝐿 ∈ 𝑍 where  𝐿 ∈ [1, 𝑛], a trajectory matrix of the original 

vector x can be formed as: 

𝑋 = (

𝑥1 𝑥2 ⋯ 𝑥𝐾
𝑥2 𝑥3 ⋯ 𝑥𝐾+1
⋮ ⋮ ⋱ ⋮
𝑥𝐿 𝑥𝐿+1 ⋯ 𝑥𝑁

) =  (𝐶1, 𝐶2⋯ ,𝐶𝐾  )  (2.5) 

where the columns of the matrix 𝑋 are 𝐶𝑘 = [𝑥𝑘 , 𝑥𝑘+1, ⋯ , 𝑥𝐾+𝐿−1  ]
𝑇 ∈ 𝑅𝐿 , lagged 

vectors where 𝑘 ∈ [1, 𝐾] and 𝐾 = 𝑁 − 𝐿 + 1 . The matrix 𝑋  has equal values in the 

antidiagonals. Additionally, based on  𝑋  porosities, the SSA algorithm can be 

implemented symmetrically in two intervals [98]. 

⚫ Singular Value Decomposition (SVD) 

To perform SVD, another matrix 𝑆 is required to be defined as 𝑆 = 𝑋𝑋𝑇, where the 

eigenvalues of 𝑆 and their respective eigenvectors can be represented as (𝜆1 ≥ 𝜆2 ≥

⋯ ≥ 𝜆𝐿) and (𝑈1, 𝑈2, ⋯ , 𝑈𝐿 ). the SVD formular of the matrix 𝑋 is shown below: 

𝑋 =  𝑋1 + 𝑋2 +⋯+ 𝑋𝑑  (2.6) 

where 𝑑 is equal to the rank of the matrix 𝑋. According to equation 2.6, the matrix 𝑋 

consists of the addition of several matrices 𝑋𝑖|𝑖 ∈ [1, 𝑑]. These matrix are known as 

elementary matrices [98]. The related respective eigenvalue can then be defined as  

𝑋𝑖 = √𝜆𝑖𝑈𝑖𝑉𝑖
𝑇 , 𝑉𝑖 = 

𝑋𝑇𝑈𝑖

√𝜆𝑖
  (2.7) 

𝑈 = (𝑈1, 𝑈2, ⋯ , 𝑈𝐿 ) ∈ 𝑅
𝐿×𝐿 , 𝑉 = (𝑉1, 𝑉2, ⋯ , 𝑉𝐿 ) ∈ 𝑅

𝐿×𝐿  (2.8) 

where 𝑈 and 𝑉 are known as matrix of empirical orthogonal functions and matrix of 

the principal components [98]. 
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⚫ Grouping 

After the embedding and SVD, the total set of 𝐿 individual components need to be 

grouped into 𝑀  disjoint sets, which can be performed as 𝐼1, 𝐼2, ⋯ , 𝐼𝑀  (∑|𝐼𝑚| = 𝑙  and 

𝑚 ∈ [1,𝑀] ). For a given disjoint set 𝐼 = [𝑖1, 𝑖2, ⋯ , 𝑖𝑝], the group matrix 𝑋𝐼  can be 

defined as 𝑋𝐼 = 𝑋𝑖1 + 𝑋𝑖2 +⋯+ 𝑋𝑖𝑝. The trajectory matrix after the grouping can be 

presented as 

𝑋 = 𝑋𝐼1 + 𝑋𝐼2 +⋯+ 𝑋𝐼𝑀  (2.9) 

(a) (b) 

(c) (d) 

Figure 2.15: SSA Results for self-collected sEMG dataset; (a)channel 20, first record; (b) channel 20, second record; 

Gesture: close, participant 1. (c) channel 100, first record; (d) channel 80, first record; Gesture: extension, 

participant 1. 
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Additionally, the basic grouping happens under condition when 𝑀 = 𝐿 and 𝑝 = 1, 

where each set is made of just one component [98]. 

⚫ Diagonal Averaging 

Now comes the final step for the conventional SSA. As the obtained matrices shown 

in equation 2.9 are not necessary Hankel structure (not average in their antidiagonals), 

each one of them has to be Hankelized for the projection into 1D signals, due to the 

values in the antidiagonals of these matrices contributing to the same element in the 

derived 1D vector [101]. Through the means of the diagonal averaging shown in equation 

2.10, the elements 𝑎𝑗,𝑛−𝑗+1 of the matrices 𝑋𝐼𝑚 can be projected to a given 1D signal 

𝑧𝑚 = [𝑧𝑚1, 𝑧𝑚2, ⋯ , 𝑧𝑚𝑁] ∈ 𝑅
𝑁. 

𝑧𝑚𝑛 = 

{
 
 
 
 

 
 
 
 1

𝑛
∑𝑎𝑗,𝑛−𝑗+1, 1 ≤ 𝑛 ≤ 𝐿

𝑛

𝑗=1

1

𝐿
∑𝑎𝑗,𝑛−𝑗+1, 𝐿 ≤ 𝑛 ≤ 𝐾

𝐿

𝑗=1

1

𝑁 − 𝑛 + 1
∑ 𝑎𝑗,𝑛−𝑗+1, 𝐾 ≤ 𝑛 ≤ 𝑁

𝐿

𝑗=𝑛−𝐾+1

  (2.10) 

when finishing grouping all the matrices, the original signal 𝑥 can be formed as  

𝑋 =  𝑧1 + 𝑧2 +⋯+ 𝑧𝑀 = ∑ 𝑧𝑚

𝑀

𝑚=1

  (2.11) 

According these four steps, the original signal can be reconstructed using specific 

components with noise or insignificant parts discarded.  

The cleaned signals are then converted to frequency spike images through our 

frequency map technique. Figures 2.15 and 2.16 indicate signal examples for both 

Strathclyde sEMG dataset and CapgMyo dataset after applying SSA. As per the 

graphical representations, the prominent peaks present in the raw sEMG signal, which 
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are typically induced by noise or interference, have been effectively reduced. For 

Figure 2.16: SSA Results for CapgMyo dataset; (a) channel 20; (b) channel 60; For participant 1, Gesture: thumb up, 

first record; (c) channel 40; (d) channel 60; For participant 1, Gesture: Extension of index and middle, flexion of the 

others, first record; (e) channel 20; (f) channel 60; For participant 2, Gesture: thumb up, first record. 

 

(a) (b) 

(c) (d) 

(e) (f) 
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instance, in Figure 2.15a, two distinct sharp peaks (highlighted by the blue line) 

occurring around 43 seconds and 44 seconds are eliminated following the 

implementation of SSA (depicted by the red line). 

2.6 Conclusion 

This chapter has reviewed EMG signals developments and hand prosthesis 

techniques. The history of the EMG signals, their detection and processing methods, 

the applied sEMG datasets and pre-processing methods, together with the previous 

classification approaches were included. The history of the hand prosthesis and its 

development was also contained. The several issues mentioned in section 2.2, section 

2.3 and section 2.4 form the basis for the chosen research inspirations and 

contributions in chapters 4-6 of this thesis. The combination of EMG signals and hand 

prosthesis i.e., EMG based hand prosthesis was reviewed due to it significantly 

contributing to the prosthetic improvement process. Additionally, it is also the 

fundamental theory of this thesis.  Despite the presented defective classification 

results and unavoidable time delayed response, the use of artificial neural networks 

unlocks the ability of creating real automatic hand prosthetic which does not require 

human assistance and provides a key inspiration for the work which achieved through 

applying Strathclyde dataset, CapgMyo dataset and SSA algorithm in chapter 4, 5 and 

6. Moreover, the early ANN works on EMG also inspired the application of neural 

networks in the research, which is introduced in chapter 3. 

 

 

 

 

 

 

 



53 
 

Chapter 3  

Review of The DNN and SNN Techniques 

3.1 Introduction 

In this chapter, deep neural networks and certain gesture recognition applications that 

rely on both surface electromyography (sEMG) signals and deep neural networks 

(especially Spiking Neural Networks) are reviewed. Section 3.2 includes early stage deep 

artificial neural networks, known as the first generation of neural networks. Section 3.3 

talks about the convolutional neural networks (CNN) and section 3.4 concludes the 

development of recurrent neural networks (RNN). The CNNs are commonly applied to 

deal with visual imaging tasks while the RNNs often appear in situations that require 

temporal sequence data analysis such as unsegmented and connected handwriting 

recognition or speech recognition. As the above two types of networks share similarities 

like operating through sending floating points and utilizing continuous activation 

functions such as Sigmoid or Tanh, they are termed as the second-generation neural 

networks.  

The third generation of neural networks, spiking neural networks (SNN), is presented 

in this chapter.  

The SNN is completely inspired by human brain neurons [102]. Thus, the differences 

between SNNs and other neural networks (e.g., CNNs and RNNs) exist in various 

aspects such as information carriers, basic processing units, sensing techniques and 

training methods. Moreover, SNN restores human brain neuron functions on computer 

science: communicating through broadcasting action potentials, also known as spikes, 

that have sample amplitude and are asynchronous.  

From the science aspect, the representation of spikes in spatial and temporal domain 

allows SNNs to address event-based problems in a more “brain-like” way which unlocks 

its unique ability to better process temporal data. As for the engineering aspect, the 

binary spike events inside real neuron systems consumes only very little energy but can 

contain a high information content in the spike timing [22]. The same advantage in terms 
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of energy efficiency it is also inherited by SNNs and makes SNNs more suitable for 

neuromorphic chips applications than second-generation neural networks.  

The detailed history of SNNs is introduced in section 3.5. Section 3.6 includes the 

current popular spiking neuron models. Section 3.7 discusses various encoding 

algorithms for SNNs and unique training methods and structures for SNNs are 

introduced in section 3.8. Section 3.9 summarizes the present state of the art in hand 

gesture implementations using Spiking Neural Networks (SNN), with several of them 

incorporating surface electromyography (sEMG) signals as well. 

3.2 Artificial Neural Networks 

The story of artificial neural networks begins in 1943. Neurophysiologist Warren 

McCulloch and his colleague,  mathematician Walter Pitts [103] published a paper which 

introduced the operation function of the neurons. To support their theory and produce a 

better explanation for the readers, they modelled a simple neural network using electrical 

circuits. In 1949, Donald Hebb [104] discovered a fundamentally essential concept for 

human learning process, that neural pathways are strengthened each time when being 

used. The connection between two nerves will be enhanced if they are firing at the same 

time.  

When it comes to 1950s, with the development of advanced computers, researchers 

were able to simulate neural networks which only existed in concept. Though failed, the 

attempt made by the IBM researcher Nathanial Rochester [105] still marks the birth of 

such hypothetical neural networks. In 1959, Bernard Widrow and Marcian Hoff [106] 

created models known as “ADALINE” and “MADALINE” [107] while their names 

represent the applied Multiple ADAptive LINear Elements [107]. The ADALINE was 

created for binary pattern recognition tasks such as predicting the next bit when reading 

streaming bits from a phone line. As for MADALINE, its main job is to deal with the 

real-world problems like eliminating echoes on phone lines through an adaptive filter. 

Though its design is quite crude for current neural network systems, this first neural 

network is still in commercial use. Only 3 years later, Widrow and Hoff [108] devised a 

learning process that initially scrutinizes the input value (0 or 1), prior to adjusting the 

weights according to the rule outlined in equation 3.1. This procedure facilitates the 

adjustment of weight values, enabling them to be distributed throughout the network or 



55 
 

among neighbouring perceptrons, in cases where a significant error is detected in one of 

the active perceptrons. 

𝑊𝑒𝑖𝑔ℎ𝑡 𝐶ℎ𝑎𝑛𝑔𝑒 =  𝑃𝑟𝑒 −𝑊𝑒𝑖𝑔ℎ𝑡 𝑙𝑖𝑛𝑒 𝑣𝑎𝑙𝑢𝑒 ×
𝐸𝑟𝑟𝑜𝑟

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐼𝑛𝑝𝑢𝑡𝑠
  (3.1) 

Despite the later success of the neural network, the traditional von Neumann 

architecture took over the computing scene for a quite long period while the neural 

network research was left far behind. A paper published at that time suggested there is 

no extension from single layered neural network to a multiple layered neural network 

[109]. Additionally, the learning function applied for researchers was fundamentally 

flawed as it was not differentiable across the entire line [110].  John von Neumann 

himself even suggested imitating neural functions through applying telegraph relays or 

vacuum tubes [110]. 

 Fortunately, researchers who were interested in computer-based simulating neuron 

systems did not give up. In 1975, the first unsupervised multi-layered neural network 

eventually appeared [111]. In 1982, John Hopfield [112] presented a paper which 

provided an approach to create multiple layers by using bidirectional lines. A multi-layer 

hybrid network was created by Reilly and Cooper [113] in the same year. The problem-

solving strategy for each individual layer inside that network is different. In 1986, the 

remained main issue for multiple layered neural networks was to extend the Widrow-

Hoff rule to multiple layers [103]. A former member of Stanford's psychology 

department named David Rumelhart [114] proposed a method which distributes pattern 

recognition errors throughout the network. Now this method is known as back 

propagation. The results shown in his attempts indicated that the back propagation 

method requires possibly thousands of iterations to learn. 

 Nowadays, neural networks are involved in several applications and in many fields. 

Despite disadvantages such as slow learning processes, massive productivity has become 

possible by them [115]. However, due to the fact that the neurons inside a human brain 

actually work more like analog signals instead of digital signals [116], the future of 

neural networks lies in the development of hardware, in a faster, more efficient form. 
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3.2.1 Neurons  

Neurons are the fundamental basements of the human brain. With the connections 

between each other, they endue us the ability of learning. However, their operation 

process remained a mystery until the birth of modern Neuroscience. A biological neuron 

consists of several different parts: Cell body, Nucleus, Endoplasmic reticulum, 

Mitochondrion, Axon hillock, Golgi apparatus, Dendrite, Dendritic branches, Axon, 

Telodendria and Synaptic terminals, as shown in figure 3.1.  

The operative principles of neurons can be concluded as receiving signals and 

generating new signals. In other words, the neurons receive input data, perform some 

processing and then create a new output.  Given stimuli in the brain, electrical signals 

will be transmitted from one end to the other i.e., from the dendrites to the axon terminals 

through the axon body [116]. Through this process, the electrical signals continue to be 

transmitted across the synapse from neuron to neuron. Thus, the information they carry 

would be recorded and analysed. In addition, the generated output only occurs when the 

input exceeds a certain threshold. Such function is known as an activation function, 

which will be introduced later. 

Figure 3.1:  Biological neuron example [95]. 

 

Figure 3.2: Common artificial neuron structure [96]. 
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As imitations from the biological neurons, the neurons inside neural network are 

exquisitely designed to achieve the same functionality. Figure 3.2 indicates the structure 

of common artificial neurons.  

Compared with biological neurons, the inputs of the artificial neuron correspond to 

the dendrites, the transfer function, net input and activation function represent the cell 

body while the activation corresponds to the axon and synaptic terminal [117]. Like 

biological neurons, first, the input information such as images or digits are fed to the 

neuron. Next, the transfer function sums all the inputs together and generate values. The 

generated values are then compared with a specified threshold. If they reach the threshold, 

the activation function will generate an output which is a signal and send it to a post 

neuron or take it as the final output for the network depending on the artificial neural 

network (ANN) architecture. Otherwise, nothing will be generated or sent. 

3.2.2 Multi-Layer Perception and Neural Networks 

A multiple layer perception can be considered as the primary form of a deep, artificial 

neuron network. As shown by its name, it is composed of more than one perception. 

Usually, the first part of a multiple layer perception (MLP) is an input layer which 

receives the signals and transforms them. The last part normally is called output layer 

which makes a decision or prediction about the input. The middle part, that between 

those two layers, is often an arbitrary number of different hidden layers which are the 

true computational engine of the MLP. Additionally, MLPs with only one hidden layer 

are capable of approximating any situation though the results may not always be accurate. 

Figure 3.3 indicates the common structure of an MLP. 

Figure 3.3: Multi-layer perception example [97]. 
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 Most of the applications of the MLPs are located on supervised learning problems 

[118][119][120][121][122]. The MLPs are trained on a set of input-output pairs and learn 

to model the correlation or dependencies between input and output data [123]. The 

training process involves several steps such as adjusting the parameters, the weights or 

the biases of each layer to minimize the error. Back propagation is also applied in training 

process to adjust weights and biases relative to the error.  

MLP is a typical example of the neural networks. These kind of networks normally 

have two motions, a constant back and forth [124]. In each forward path, the input layer 

transmits the signal through the hidden layers to the output layer. Then the output layer 

makes decision or prediction which will be measured against the pre-set ground truth 

labels. Then in each backward path, various weights and biases are backpropagated 

through the layers according to the chain rule of calculus and partial derivatives of the 

error function. Several gradient-based optimisation algorithms such as stochastic 

gradient descent can be applied in feedforward networks (feedforward means the 

connections between the neurons do not form any cycles) [125]. By using the 

differentiation, a gradient or a landscape of error will be obtained. In other words, the 

network parameters are adjusted to minimize the error. The gradient descent process is 

continued until the network error cannot be reduced further. This state is also called 

convergence.  

3.2.3 Activation Functions 

One of the key factors for all the training process for all kinds of neural networks is 

the activation function. Activation functions unlock the learning ability for the networks 

Figure 3.4: Linear activation function example [105]. 
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and enable them to perform humanlike judgements. Activation functions are 

mathematical models that are attached to each neuron in a network and determine 

whether a neuron should be activated with regard to the relevance between the input and 

network prediction [126].  The output of the entire network is also normalized in a range 

dependent on the applied activation function type.  

There are two types of activation functions. The first type is called linear or identity 

activation function. Figure 3.4 indicates the linear function form. 

 As shown, the output of the function will not be confined between any range, thus 

this kind of function does not help with the complexity or various parameters of usual 

data which is fed to the neural networks [127]. The second type of activation functions 

is named as non-linear activation function. This type of activation functions enables 

networks to generalise or adapt with variety of data and differentiate between the output 

[127], which makes them the most used activation functions in deep learning. Figure 3.5 

indicates the shape of a non-linear activation function.  

There are several commonly applied non-linear activation functions which are named 

according to their range or curves. 

Sigmoid function is one of the most applied logistic/activation functions. All sigmoid 

functions have the property to map the entire number line into a small range such as 

between 0 and 1 or -1 and 1. So one main use of a sigmoid function is to convert a real 

value into a probability [127]. A sigmoid function is usually placed as the last layer of a 

Figure 3.5:  Non-linear activation function example [105]. 
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neural network which can serve to convert its output into a probability score. Figure 3.6 

below indicates an example of the most widely used sigmoid functions.  

Tanh is another popular activation function. Comparing with sigmoid function, the 

advantage of the tanh function is that the negative inputs will be mapped strongly 

negative, and the zero inputs will be mapped near zero. In general, under the same 

circumstances, tanh function can provide much better performance than the sigmoid 

function.  

Figure 3.6: Sigmoid function [105]. 

 

Figure 3.7: ReLu function [105]. 

 



61 
 

Another famous activation function is ReLu (Rectified Linear Unit) activation 

function, which is the most commonly used one as it can be found in almost all deep 

neural networks. The ReLu function and its derivative are monotonic [127]. As shown 

in figure 3.7, the ReLu is half rectified. The function output is zero when the input is less 

than zero while the function output is equal to the input when the input is above zero. 

However, any negative input given to the ReLu function turns the output value to zero 

immediately which causes the inappropriate mapping of the negative values and 

decreases the ability of the network to be trained properly.   

3.2.4 Loss Function Optimization 

The learning problem for a neural network is mainly aiming at searching of a 

parameter vector weight at which the loss function takes the minimum value [128]. The 

necessary condition suggests that if the loss function reaches its minimum value, the 

gradient is the zero vector.  

Normally, the training would start by creation of some random parameter vectors. 

Then, the parameters would reduce at each iteration according to the loss function, which 

is also called the loss decrement. The training would stop when the specified condition 

is satisfied.  

The loss function is a non-linear function of the parameters. As it is not possible to 

find closed training algorithms for the minima, a search through the parameter space 

section is generated for each training. For each steps, the loss for the neural network 

parameters would decrease. Nowadays, five methodologies are commonly applied for 

Figure 3.8: Gradient descent iteration process [107]. 
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network training. They are gradient descent method [129], Newton's method [130], 

conjugate gradient [131], quasi-newton method [132] and Levenberg-Marquardt 

algorithm [133]. In this section, the three most popular ones are introduced. 

The first one is gradient descent (steepest descent). Due to requirements of 

information from the gradient vector, this first order method is the most straightforward 

training algorithm [129]. Once begin, the gradient descent method will keep running to 

update the same weight until the stopping criterion is satisfied. The equation 3.2 and 

Figure 3.8 below indicate the iterations of the gradient descent.  

𝑤(𝑖+1) = 𝑤(𝑖) − 𝑔(𝑖)𝑛(𝑖)  (3.2) 

where 𝑤 represents the weight for the network parameters, 𝑔 indicates the training 

direction and 𝑛 means the training rate. The training rate can be set to either a fixed value 

or decided by a one-dimensional optimization which follows the training direction at 

each step. Though quite straightforward, the gradient descent method also has several 

drawbacks such as requiring many iterations when functions with long narrow structures 

are applied. The optimal situation to apply gradient descent is when the network contains 

massive parameters as this method only stores the gradient vector instead of Hessian 

matrix [134].  

The second one is Newton’s method. This training method is a second order algorithm 

as it requires the Hessian matrix for iteration [130]. The main purpose for Newton’s 

Figure 3.9: State diagram of newton’s method [108]. 
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method is to find better training directions through second derivatives of the loss function. 

Equation 3.3 below shows the mathematical representation of the Newton’s method.  

𝑤(𝑖+1) = 𝑤(𝑖) − (𝐻(𝑖)−1 ∙ 𝑔(𝑖))𝑛(𝑖)  (3.3)    

where 𝑤  denotes the weights of the network parameters, 𝐻  represents the applied 

Hessian matrix, 𝑔 indicates the original training direction and 𝑛 means the training rate. 

The vector 𝐻(𝑖)−1 ∙ 𝑔(𝑖) is also known as newton’s step or newton’s training direction. 

Compared with other training methods, less steps are required for newton’s method to 

find the minimum value of the loss function. However, newton’s method shows bad 

performances when exacting evaluation of the hessian and the inverse of it are quite 

expensive in computational terms [130]. Figure 3.9 reveals the state diagram of newton’s 

method.  

The last commonly applied training method is called conjugate gradient. This method 

can be considered as the hybrid of the gradient descent method and newton’s method. 

The convergence inside conjugate gradient method is accelerated and the information 

requirements associated with the evaluation, storage and inversion of the Hessian matrix 

is also removed [131]. Equation 3.4 denotes the construction of conjugate gradient 

method. 

𝑤(𝑖+1) = 𝑤(𝑖) − 𝑑(𝑖) ∙ 𝑛(𝑖)  (3.4) 

Figure 3.10: Training steps for conjugate gradient [109]. 
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where 𝑤  means the weights of the network parameters, 𝑑  is the training direction 

which decided by the conjugate parameter according to Fletcher and Reeves [135] or 

Polak and Ribiere [136]  calculation methods. 𝑛 still denotes the selected learning rate. 

Figure 3.10 shows the diagram for training steps with conjugate gradient method.  

It has been proved that the conjugate gradient method is more effective than the 

gradient descent method when training networks [137]. In addition, as hessian matrix is 

not required for conjugate gradient method, it is suitable to apply it when dealing with 

vast networks.  

3.2.5 Back Propagation 

Even though the optimization methods such as gradient descent can obtain the 

minimum loss, the initial input still directly links with the final output, which can be 

represented by a neural network with only input layers and output layers, no hidden 

layers. In addition, for a deep neural network, multiple hidden layers are normally 

required. Thus, to apply optimization methods in a deep neural network, the back 

propagation [138] is essential. 

The idea of backpropagation is actually, for each training instance, pass it into the 

neural network and calculate its output; then measure the output error of the network 

(that is, the difference between the expected output and the actual output), and calculate 

how much error does each neuron in the previous hidden layer contributes to the current 

output result. Iteratively calculates from the next layer to the previous layer until the 

algorithm reaches the initial input layer. This reverse transfer process effectively 

measures the error gradients of all connection weights in the network, and finally 

optimizes the parameters of the layer by applying a gradient descent algorithm in each 

hidden layer.  
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3.3 Convolutional Neural Networks 

Convolutional neural network is one of the famous neural networks. A convolutional 

neural network assigns learnable weights and biases to various aspects in an input image 

to differentiate it from the other [139]. Compared with other neural networks, the image 

pre-processing required for a ConvNet is much lower. The architecture of the ConvNet 

is inspired by the organization of the Visual Cortex. In other words, it is analogous 

version of the connectivity pattern of neurons in human brain. Each individual neuron 

only responds to stimuli from Receptive field, which is a restricted region of the whole 

visual field. By concatenating and overlapping all the receptive fields, the entire visual 

field can be obtained. Three layers play the most important role inside the ConvNet: 

convolutional layer (kernel), pooling layer and fully connected layer. Figure 3.11 denotes 

the structure of a convolution neural network. 

3.3.1 Convolutional Layer 

A convolutional layer is a layer which contains convolution operation inside. Imaging 

an input image with dimensions shown in figure 3.13: 6 (Height), 6 (Length) and 1 

(number of input channels) and a selected kernel/filter with size: 3, 3 and 1 shown in 

figure 3.12. Once the convolution process begins, the kernel will move along the whole 

of the image from the first column to the last one while does the matrix multiplication 

operation [140]. After finishing the calculation for the first row, the kernel will move to 

the next one until the last row of the kernel meets the last row of the image. The kernel 

movement steps are called strides and can be selected for different whole numbers such 

as 1 or 2, etc. To allow more space for the kernel to cover the input image, a term called 

padding is added to the convolution operation.  Padding refers to the number of pixels 

added to an image when it is being processed by the kernel. For example, if the padding 

Figure 3.11:  Convolution neural network structure [117]. 
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value is set to zero, then every pixel value that is added will be of value zero; however, 

if the padding value is set to one, a one-pixel border with a pixel value of zero will be 

added to the image. More specifically, if the 3x3x1 kernel shown in figure 3.12 is applied 

on the image shown in figure 3.13 with stride of 1 and padding value of 1, a 4x4x1 

convolved feature matrix with 16 elements will eventually be created for this attempt. 

This process and the obtained results are shown in figure 3.14 (Same convolution 

operation repeats 16 times for this attempt. First 5 operations are represented by different 

colours. Blue lines represent the first convolution operation, red lines indicate the second 

operation, green lines represent the third operation, yellow lines indicate the fourth 

operation and pink lines demonstrate the fifth operation). However, when using multiple 

kernels, the size of the obtained feature map depends on the number of applied kernels. 

One kernel would generate one output feature map and two kernels would generate two 

feature maps etc. For example, three 3x3x1 kernels convolve a 6x6x1 image, the size of 

the obtained feature map would be 4x4x3 (each of the kernels would have a 4x4x1 

feature map like the feature map shown in figure 3.14 and the output feature map would 

Figure 3.13: Input image. 

 

Figure 3.12: Applied Kernel. 
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be gained through the concatenation of the three 4x4x1 feature maps).  The objective of 

the convolution operation is to extract  the high-level features from the input image [140]. 

Usually, each individual convolution layer would capture features such as edges, colour, 

etc. With the concatenation of several convolution layers, these captured features would 

be adapted to the high-level features, thus the network would have the wholesome 

understanding of the entire image. 

3.3.2 Pooling Layer 

A pooling layer aims at reducing the spatial size of the convolved feature map [140]. 

After the pooling layer, the computational power required to process the data is 

decreased due to dimensionality reduction. Moreover, the dominate features which are 

rotational and positional invariant are also easier extracted after the pooling layer. The 

pooling layer is often consisting of two types of pooling functions: max pooling and 

Figure 3.15: Max pooling and average pooling example [118]. 

Figure 3.14: Convolution operation example. 



68 
 

average pooling. Additionally, the max pooling is also referred as noise suppressant 

[141]. That means the noisy activations are discarded together with dimensionality 

reduction after the max pool layer. The max pooling function returns the maximum value 

from the portion of the kernel covered image. As for the average pooling, it is simply a 

noise suppressing mechanism for dimensionality reduction [142]. The average pooling 

function returns the average of all the values from the portion of the image. In general, 

the performance of the max pooling is better than the average pooling. Figure 3.15 

indicates the results comparison between max pooling and average pooling. 

3.3.3 Fully Connected Layer 

The fully connected layer performs as the classifier of a convolutional neural network. 

The way that a fully connected layer works is that it determines the most correlated class 

from all settled class based on the high-level features contained inside activation maps 

from previous layer [140]. For example, if dealing with plants classification task, the 

network predicts the input image is carrot, the values of the contained high level features 

such as red, triangle formed etc. would be quite high in the activation maps.  For an input 

volume (normally the output from the previous convolutional layer or pooling layer), the 

fully connected layer generates an output vector with N dimensions where N is the 

number of classes of the required result. Each number of the fully connected layer 

represents a certain class. For example, if the output requires classification of 10 different 

animals, N should be chosen as 10 and each number inside 10 (0-9) represents an animal 

kind like dog, cat etc. the outputs form of the fully connected layer usually are digit 

numbers which indicates the prediction possibility. For example, if the output for a 10-

digit classification task is [ 0, 0.1, 0.8, 0, 0, 0.05, 0, 0.05, 0, 0], that means the contained 

number inside the input image has 10% probability to be a 2, 80% probability to be a 3, 

5% probability to be a 6 and 5% probability to be a 7. In total, the sum probability for all 

the numbers in this condition should equal to 1, which represents 100% probability.  

3.3.4 Network Training Methods 

The training process of convolutional neural network can be divided into two stages. 

The first stage is forward propagation which propagates data from low-level to high-

level. The other stage is back propagation which propagates errors from high-level to 

low-level when the obtained results for the forward propagation do not match the 

expectations [143].  
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In the forward propagation process, the input graphic data is processed through multi 

convolutional layers and pooling layers to extract the features. The proposed features are 

fed into the fully connected layer to obtain the results for the pre-set classification task. 

The output results for the fully connected layer would become the network results only 

when they match the expectations. For the convolutional layer, the forward propagation 

process is to perform a convolutional operation on the input data through a kernel. The 

layer first convolves the entire input figure to form a local receptive field. Then combines 

the weighted sum of the weight matrix with the eigenvalues of the input figure (plus a 

bias). Finally, the obtained result would be passed through an activation function to 

produce the output. For the pooling layer, it provides pooling operation for features 

extracted from the connected convolutional layer. After this layer, the dimensionality of 

the data is reduced. For the fully connected layer, the down sampled features are 

classified according to pre-set classification model. The output of the fully connected 

layer will become the final output of the convolutional neural network if they match the 

expectations. Besides, only after all these layers’ processing, a forward propagation can 

be considered as finished.  

When the output of the fully connected layer does not match our expectation, the back 

propagation process is then carried out. The reason for the mismatch to occur is because 

of the inevitably information changes caused during the transmission process among 

layers. The main purpose of this process is to adjust the network weights through training 

samples and expected values. Generally, the back propagation finds the error between 

the result and the expected value (expectation), which is known as the total error of the 

network and returns it layer by layer to calculate each layer’s contribution to the error. 

So that the weights can be updated and applied to reduce the error.  

Table 3.1: Training process for convolutional neural network. 

1.The network initializes the weight; 

2.The input data is propagated forward through the convolutional layers, pooling layers, and 

fully connected layers to obtain the output value; 

3.Evaluating the error between the output value of the network and the target value; 

4. When the error is greater than expected value, the error is sent back to the network, and 

the errors of the fully connected layers, the pooling layers, and the convolutional layers are 

sequentially obtained. The errors of each layer can be understood as the total error of the 

network. When the error is equal to or less than the expected value, the training ends. 

5. Weight update will be performed and restored based on the calculated error. Then the 

network will re-enter the second step and keep repeating the following steps.  
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The more direct training process explanation for a convolutional neural network is 

shown in table 3.1. 

3.3.5 CNNs for Human Gesture Recognition 

Because of the significant advancement occurred in computer vision field, CNNs has 

been widely investigated in human gesture classification tasks. Compared with other 

machine learning methodologies such as SVM (support vector machine) [144], K-

nearest neighbour (KNN) [145] or Naive Bayes (NB) [146], CNN does not require 

manual recognition and pre-extraction of visual features. 

 In addition, higher quality features can be discovered and learned by CNN itself. Such 

advantages draw great attention for engineers. The authors Kim et al. [147] came up with 

a weighted fuzzy minimum-maximum (WFMM) combined CNN which significantly 

increased the efficiency of spatiotemporal pattern extraction for video-based hand 

gesture recognition tasks. Morchanov et al. [148] created a hand gesture recognition 

system which applies 3D version of the CNN. Raimundo F. Pinto et al. [149] proposed 

a CNN based hand gesture recognition system which achieved high success rates at a 

relatively low computational cost.  

Rather than relying solely on RGB or grey scale figures, the integration of sEMG 

signals with CNNs has also garnered significant interest in hand gesture recognition. 

Notably, Chen H et al. [150] devised a hybrid classifier framework combining CNN and 

Support Vector Machine (SVM), which directly harnesses sEMG signals to categorize 

hand gestures. Wu Y et al. [151] further innovated by creating an LSTM-CNN model 

that efficiently utilizes pre-processed sEMG signals for dynamic gesture recognition, 

capitalizing on the complementary strengths of Long Short-Term Memory (LSTM) and 

CNNs. 

Moreover, advanced digital signal processing (DSP) methodologies like wavelet 

transform [152] were also introduced by engineers for CNN based hand gesture 

recognition. These DSP methods not only facilitate sEMG signal-driven DNN/CNN 

research but also enhance their capabilities. For instance, Velandia N. S et al. [153] 

introduced a CNN architecture specifically designed to classify hand gestures using 

features extracted from sEMG signals through wavelet transform. Similarly, 

Shanmuganathan V et al. [154] developed an R-CNN (a temporally structured CNN) that 
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incorporates both sEMG signals and wavelet packet transform to recognize hand gestures, 

showcasing the versatility and potential of this approach. 

Though achieved higher result accuracy, the required signal processing time for 

common CNN based gesture recognition systems is also enlarged. Thus, this existing 

problem motivated the applied research in chapter 4, 5 and 6.   

3.4 Recurrent Neural Networks 

Another popular neural network example is recurrent neural network. Unlike 

feedforward neural networks, which have no internal memory, RNNs have a form of 

memory that allows them to process sequences in a sequential and temporal manner 

[155]. In general, recurrent neural network contains the ability to remember sequence 

relations, such as connections between previous and post words in one sentence. For 

normal feedforward neural networks, their memories represent the learning result they 

learned during the training process. For example, the form of number ‘2’ would be 

understanded by an image classifier after training it with an image contains number ‘2’ 

inside. Then the classifier can use the learned knowledge to do classification tasks.  

Differently, a recurrent neural network remembers features learnt from prior inputs while 

generating outputs [156]. In other works, the output of the network is not only affected 

by the weights and biases but also decided by the hidden state vectors which indicate the 

context based on previous inputs and outputs. This characteristic enables one input to 

produce multiple types of outputs according to tuning previous inputs in the series. The 

recurrent neural network often uses 2-D signals such as voice or words as inputs. 

However, such fixed size vector inputs also limit the recurrent neural network application 

Figure 3.16: Recurrent neural network example [129]. 
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situations as it is a ‘series’ input type which requires no predetermined size. Figure 3.16 

indicates the architecture of a basic recurrent neural network.  

3.4.1 Recurrent Layer Structure   

For the usual neural networks, the parameters inside post hidden layer cannot be 

affected by previous hidden layer’s outputs directly due to disconnected nodes existing 

between each layer. Such network structure makes it difficult for the network to solve 

problems like predicting the next word in a given sentence as the words of that sentence 

are not independent. In order to address this situation, the supervisor recurrent layer 

structure was created. Figure 3.17 represents the primary form of a recurrent multilayer 

perceptron unit. 

 As shown in figure 3.17, the unit consists of three parts, an input layer which feed the 

previous layer’s output to the hidden layer which contains a selected activation function 

like ReLU. An output layer which transfers the hidden layer’s results to the next layer. 

Figure 3.17: Recurrent multilayer perceptron unit example. 

Figure 3.18:  Basic form of a recurrent layer. 
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By increasing the numbers of the hidden layers, the basic form of a recurrent layer can 

be achieved as figure 3.18, each hidden layer has its own input, weight and bias. 

 However, the inputs for each hidden layer currently are not functionable because of 

the differences between the activation functions, weights and biases. Thus, to make the 

hidden layers’ inputs working, the value for weights, biases and activation functions for 

each hidden layer must be the same, as shown in figure 3.19. 

 Now, with the combination of all the hidden layers, the recurrent layer can be 

achieved as figure 3.20. For each training step, the information is provided to the hidden 

layers through their inputs. The recurrent layer stores all the input of the previous step 

and merges this information with the input of the current step. Thus, the correlation 

feature between the current data step and the previous step can be captured. In simple 

terms, the result obtained by previous step affects the result for the next step. For example, 

Figure 3.19: Basic form with different network parameters for recurrent neural networks. 

 

Figure 3.20: Example for a complete recurrent neural 

network structure. 
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if a recurrent network needs to predict the 5th letter for word “happy” after we input the 

4th letter, the hidden layers inside the network will go through 5 times iteration, each 

iteration corresponds to a letter. 

3.4.2 Network Training Methods 

Training a recurrent neural network is almost the same as training other neural 

networks. The first step is calculating the network output value through forward 

propagation. The second step is calculating the error value between the obtained output 

and expectation. The third step is calculating weight gradients through back propagation. 

The last step is iteratively updating the weights until a minimum value of the error is 

achieved. However, due to the recurrent neural network aims at processing time series 

data, the back propagation used in the third step is based on time, which is named as 

back-propagation through time (BPTT) [157]. The central idea of BPTT is the same as 

that of the back propagation algorithm: it continuously searches for better values along 

the negative gradient direction of the parameters to be optimized until convergence. 

Since the input of the recurrent neural network contains two parts: the current input and 

the last output, the BPTT algorithm will propagate in two directions when calculating 

the weight gradient. One is the same as the normal back propagation algorithm which 

passed from the last layer to the first layer of the network [158]. The other one is passed 

along the timeline to the initial moment [158]. Thus, more parameters are required when 

training recurrent neural networks due to the added extra time direction. 

3.4.3 Variations of RNN 

After the creation of the recurrent neural network, several improvements were applied 

to further enhance its learning ability. In this section, two most well-known variant 

recurrent neural networks will be introduced and discussed.  

 The first one is the bidirectional recurrent neural network (BIRNN) [159]. The 

recurrent neural network model introduced earlier in this section assumes that the current 

time step is determined by the sequence of earlier time steps, so it passes information 

from the front to the back through the hidden state. Sometimes, the current time step may 

also be determined by a later time step. For example, when writing a sentence, the former 

words may need to be adjusted according to the later written words in a sentence. BIRNN 

was created to handle this type of tasks by adding an extra hidden layer that transmits 
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information from back to front, i.e., an extra loop. Thus, the hidden state (weights and 

biases) of the BIRNN at each time step depend on previous and past time step’s sub-

sequences (including the input of the current time step). 

 The other special recurrent neural network is the long short-term memory (LSTM) 

network [160]. Among all recurrent neural networks, LSTM is also famous because of 

its complex recurrent layer structure [161]. For normal RNNs, the training process of the 

input and hidden state are simply achieved by the tanh function, though, this simple 

transformation results in problems of keeping or resetting context. The LSTM improves 

this transformation through applying additional fine structures of the so-called “gates”. 

The gates are composed of S-shaped neural network layers and point-by-point 

multiplication operations, and they can be selectively used to let information pass 

through. There are three types of gates that help LSTM to remember information: 

forgetting gate, input gate and output gate. A forgetting gate can forget or discard some 

useless information transferred from previous layer [162]. Its main task is to accept a 

long-term memory (the output passed from the previous unit module) and decide which 

part of it should be transferred to next layer and which part of it should be removed 

(forgotten). An input gate [163], which is also called memory gate, is able to determine 

what new information should be stored in cell for current state. It often consists of two 

parts: one function that determines what value needs to be updated and another function 

which creates a new candidate value vector to generate candidate memory. The main 

task for an input gate is to find the corresponding new information according to the 

information discarded in the forgetting gate and use it to supplement the discarded one. 

An output gate [163] determines the output value based on the current state. It also 

includes two parts: one function to determine which part of the current state needs to be 

output and another function to process the required output part. Through these gates, 

LSTM can address problems such as across sentences and the distance between such 

context resets.  
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3.5 Development of SNNs 

Though inspired by biological neurons, at the implementation level, only marginal 

similarities between the second-generation neural networks such as CNNs and RNNs 

and brain-like computation can be recognized [164]. One of the main evidence is that 

the neurons in deep neural networks are mostly non-linear but continuous functions 

approximators that operate on a common clock cycle [164] while for the biological 

neurons, the transmitted information is represented in the form of digital and temporally 

precise action potentials, which are also known as spike trains to downstream neurons 

[165]. In other words, the way for the information propagations in biological neurons 

and second-generation neurons is different. This gap results in the appearance of various 

problems such as large power consumption and slow inference when applying deep 

neural networks. Thus, spiking neural networks with different types of spiking neuron 

models are created by scientists from several aspects [22][166][167] to address those 

problems.   

In 1952, Hodgkin and Huxley [168] were the first to model the principle of the 

biological neuron operation: the pre-synaptic neurons modulate the membrane potential 

of post-synaptic neurons and generate action potentials of spikes when their membrane 

potential crosses a threshold. The model they created can generate action potential from 

the voltage gating properties of ion channels in a squid cell membrane of its axon. After 

the Hodgkin and Huxley proposed their model which contains extensive biological 

details [102], diverse spiking neuron models had been brought forward by engineers for 

the reduction of the high computational cost [169] and further enhancement, including 

the leaky integrate-and-fire (LIF) neuron model [170], the spike response model (SRM) 

[171] and the Izhikevich neuron model [172].  

3.6 Spiking Neuron Models  

The neurons are the fundamental information transmitting units in a spiking neural 

network and the features of the input images/signals will be processed and learned by 

them through sending and receiving spikes. The principle of modern spiking neuron 

models was proposed by P König et al. [173] in 1996 that a neuron can be regarded as 

an integrator or coincidence detector. The operation process inside a spiking neuron can 

be divided into several steps. Once receiving the input spikes, the spike neuron would 
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integrate and transform these spikes into a voltage change which named as post synaptic 

potential (PSP). Then, the entire PSP of the neuron will be compared with a pre-defined 

threshold. If the PSP reaches or exceeds the threshold, a spike will be generated and 

emitted by current spiking neuron to the next neuron. In addition, the input spikes are 

only identified and integrated at the time instant when they arrived. The internal process 

of a spiking neuron model which receives input spike trains from 3 pre-synaptic neurons 

and generates output spikes is demonstrated in figure 3.21. 

Figure 3.22 indicates the integrate and transfer process of the membrane potential 

dynamics 𝑢(𝑡) for an input spike inside a spiking neuron. The neuron would generate 

and emit spikes whenever the membrane potential equals or is above the threshold value 

𝜗. After emitting a spike, the membrane potential of that neuron would decrease to its 

resting value 𝑢𝑟𝑒𝑠𝑡 and the neuron would enter a phase called refractory period which 

lasts for a short time. During the refractory period, no further spikes would be generated 

Figure 3.21: Internal process of a spiking neuron model [146]. 

Figure 3.22: Integrate and transfer process of the membrane potential dynamics [146]. 
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by the neuron until the membrane potential reaches its resting value again. Moreover, 

additional parameters that approximates the membrane potential changes in the neural 

cortex can be obtained by any typical spiking neuron models. 

3.6.1 Hodgkin-Huxley Model 

As mentioned in section 3.5, Hodgkin et al. [168] obtained this model from their 

experiment on a giant squid. Inside their experiment, three different types of ion currents 

were discovered: viz., sodium, potassium, and a leak current that consists mainly of Cl− 

ions [168]. One specific sodium ion-based channel and one potassium ion-based channel 

control the flow of the ions through the cell membrane while a semi-permeable cell 

membrane separates the interior of the cell and acts as a capacitor. The circuit form of 

the model is shown in figure 3.23. Both ion channels are represented by a resistor 

(sodium channel resistance 𝑅𝑁𝑎  and potassium channel resistance 𝑅𝐾  ) and the 

unspecified channel is represented by a resistor with leaky resistance 𝑅. Each battery 

inside figure 3.23 indicates the generated potential by the difference of the ion 

concentration (𝐸𝑁𝑎 for sodium, 𝐸𝐾 for potassium and 𝐸𝐿 for the unspecified channel). 

Additionally, the arrows across the resistors indicate that these are variable resistors. An 

input current 𝐼(𝑡) for the cell could  have different results, either it will further charge 

the capacitor or leak through the channels in the cell membrane [174].  

Equation 3.5 demonstrates the mathematical equation of the Hodgkin-Huxley model 

[175].  

Figure 3.23 Circuit for generated potential by the difference of the ion concentration [141]. 
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𝐼(𝑡) = 𝐼𝑐(𝑡) +∑𝐼𝐾
𝐾

(𝑡)  (3.5) 

where 𝐼(𝑡)  denotes the input current, 𝐼𝑐(𝑡)  represents the split capacitive current 

which charges the capacitor and 𝐼𝐾(𝑡) indicates the current which pass through the ion 

channel.  

For a standard Hodgkin-Huxley model, there are three types of ion channels [175]: a 

sodium channel with index Na, a leakage channel with resistance R and a potassium 

channel with index K. In addition, the presented mathematical equation can be reformed 

as equation 3.6 according to the definition of a capacitor: 

𝐶
𝑑𝑢

𝑑𝑡
= −∑𝐼𝐾

𝐾

(𝑡) + 𝐼(𝑡)  (3.6) 

where 𝐶 indicates the capacity, 𝑢 denotes the voltage across the membrane and ∑ 𝐼𝐾𝐾  

represents the sum of the ionic currents which pass through the cell membrane. 

Though Hodgkin-Huxley model may be quite simple or even rough from current 

perspective, its appearance still marks the birth of the spiking neural network. 

3.6.2 Izhikevich Model  

The previously introduced Hodgkin-Huxley model is computational prohibitive and 

can only simulate a small number of neurons in real time [176]. In order to enlarge the 

neuron numbers for the simulation, Russian scientist Eugene M. Izhikevich [172] 

proposed a superior spiking neuron model in 2003. Unlike the Hodgkin-Huxley model, 

this model doesn’t apply biophysics neurons. Instead, it computes a wide range of 

spiking patterns for cortical neurons by mathematical equations and the output results 

for the model is incredibly realistic and biologically plausible [177]. Equation 3.7, 3.8 

and 3.9 demonstrate the mathematical expression of the Izhikevich model. 
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𝑑𝑣

𝑑𝑡
= 𝑐1𝑣

2 + 𝑐2𝑣 + 𝑐3 − 𝑐4𝑢 + 𝑐5𝐼  (3.7) 

𝑑𝑢

𝑑𝑡
= 𝑎(𝑏𝑣 − 𝑢)  (3.8) 

If 𝑣 ≥ 30𝑚𝑉, then {
𝑣 = 𝑐

𝑢 = 𝑢 + 𝑑
  (3.9) 

where 𝑣  denotes the membrane potential of the neuron, 𝐼  indicates the synaptic 

currents or injected dc currents, 𝑢 represents the membrane recovery variable which 

provides negative feedback to 𝑣 through accounting the activation of 𝐾+ ionic currents 

and inactivation of 𝑁𝑎+ ionic currents [178]. The remained four parameters 𝑎, 𝑏, 𝑐, and 

𝑑  are dimensionless parameters and used to determine the spiking and bursting 

behaviour of the known types of cortical neurons [178]. However, unlike most real 

neurons, there is no fixed threshold for the Izhikevich model, the neuron firing depends 

on the history of the membrane potential prior to a spike [172]. As the Izhikevich model 

can exhibit all neuron behaviours [179], it is widely applied in benchmarking and 

simulation of spiking neural networks nowadays. 

3.6.3 Leaky Integrate-and-Fire (LIF) Neuron Model  

Currently, the LIF neuron model is the most popular spiking neuron model applied by 

neuroscientists to prove their experiment results [180][181]. The LIF model is based on 

a fact that the neuron action potentials of a given neuron always have the same form 

[182]. Theoretically, if the form of an action potential remains the same, then the 

information is not carried by the action potential’s shape, but it is contained in the 

presence or absence of the spikes [183]. Thus, the action potentials can be identified 

according to the spike events that happed at a precise moment in time. An RC circuit 
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with resistor, capacitor and current source in parallel can represent the circuit form of an 

LIF model, as shown in figure 3.24. 

 In Figure 3.24 the big circle represents the neuron’s cell membrane which acts like a 

capacitor in parallel with a resistor and a battery of potential 𝑢𝑟𝑒𝑠𝑡. Once receiving an 

input current 𝐼(𝑡), the electrical charge in the cell increases. If the input current 𝐼(𝑡) 

vanishes, the voltage across the capacitor is provided by the battery 𝑢𝑟𝑒𝑠𝑡. Furthermore, 

there are two separate components that are necessary to define a LIT model dynamics 

[183]. The first one is the equation that describes the evolution of the membrane potential. 

The second one is the mechanism that generate spikes. These two components are 

presented in equation 3.10 and 3.11. 

𝜏𝑚
𝑑𝑢

𝑑𝑡
= −(𝑢(𝑡) − 𝑢𝑟𝑒𝑠𝑡) + 𝑅𝐼(𝑡)  (3.10) 

If 𝑢(𝑡) ≥ 𝑉𝑡ℎ, then 𝑢(𝑡) = 𝑢𝑟𝑒𝑠𝑡  (3.11) 

where 𝜏𝑚 indicates the membrane time constant (membrane capacitance in figure 3.23) 

of the neuron, 𝑢(𝑡)  denotes the membrane potential, 𝑢𝑟𝑒𝑠𝑡  represents membrane 

Figure 3.24: LIF neuron model example [155]. 

 



82 
 

equilibrium potential,  𝑅 represents the membrane resistance and 𝐼(𝑡) indicates the total 

currents flows inside the neuron. 

Due to the simplicity characteristic of the LIF model e.g., depends on one variable, 

several neuron behaviours such as phasic spiking, bursting and rebound responses cannot 

be exhibit through it [184]. Thus, various improvements of the LIF model had been 

created by scientists [185][186][187]and each of the enhanced LIF model is based on a 

specific neuron behaviour. 

3.6.4 Spike Response Model   

The spike response model (SRM) represents a type of biologically, flexible model of 

the spiking neuron. The basement of this model is kernel functions that describe the 

effect of spike reception and emission on the membrane potential of the neuron [188]. 

Because of it is time-dependent and its kernel function is not restricted, the spike 

response model is considered more general than other classical neuron models. Also, the 

model is described in a more realistic manner [171]. Equation 3.12 and 3.13 reveal the 

mathematical representation of the spike response model [102]. 

𝑣(𝑡) =  𝜂(𝑡 − 𝑡∧) + ∫ 𝜅(𝑡 − 𝑡∧, 𝑠) 𝐼(𝑡 − 𝑠) 𝑑𝑠
+∞

−∞

  (3.12) 

If v(𝑡) ≥ 𝑉𝑡ℎ and 𝑣(𝑡) > 0, then 𝑡∧ = 𝑡  (3.13) 

where 𝑣(𝑡) indicates the neuron membrane potential, 𝑡∧  represents the time when 

neuron fires its last spike, 𝐼(𝑡) means the external current,  𝜂 is the form of the action 

potential and its spike after potential, 𝜅 denotes the linear response to the pulse input and 

𝑉𝑡ℎ is the spike fire threshold.  

3.7 Neural Coding Algorithms  

Neuron coding aims at examining information processing inside neurons e.g., the 

relation between spike trains and the transmitted information forms. As the information 

propagation inside a spiking neural network is different from the conventional system, 

the external input stimulus must be converted to the spikes which contain the information. 

A number of neuron coding paradigms have been developed over the past decades. The 
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most famous coding methods, which are known as rate coding and spike count coding 

[141][142], codes the information in the form of frequency/rate of spikes in a limited 

time period. As an alternative to the rate coding, there is another famous coding strategy 

named temporal coding[189] or latency coding[190], which relies on the precise timing 

of action potentials or inter-spike intervals and codes the information in the form of the 

first spike’s arrival time. Apart from the temporal coding, there are other spike coding 

methodologies such as population coding [191] which uses the joint activities of a 

number of neurons to represent stimuli.  

3.7.1 Spike Count Coding and Rate coding   

When applying spike count coding strategy, the neuron counts a number of input 

spikes until firing [102]. As the integrator (neuron) excludes the leakage contribution to 

the membrane potential in the situation, the neuron response is only dictated by the 

number of input spikes for the given synaptic weight irrespective of how fast the spikes 

arrive at the post synaptic neuron (firing rate) and the arriving time of the spike (spike 

timing). Different spike numbers can be induced by different input stimuli through 

applying different number of spikes, which endowing the neuron with input selectivity. 

Additionally, the inter spike interval in such scheme is most robust to variability among 

all the coding methods [192]. Figure 3.25 indicates the spike count coding for a sensory 

neuron.  

Figure 3.25: Spike count coding example for a sensory neuron [165]. 
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Where the blue bar at the left side of the figure denotes the magnitude of the input 

stimuli. The larger (higher bar) the input is, the more spikes are generated. 

The rate coding was first created by ED Adrian and Y Zotterman [193]. The sensory 

neuron is represented by means of a firing rate. The firing rate is the measurement of 

spikes in a certain time window and thus refers to the average spike number per unit time 

[192]. It should be note that the rate coding is often called spike count coding as opposed 

to temporal coding essentially count spikes to evaluate the temporal-average of incident 

spikes [194]. With the applied time window, a rate coding strategy can easily transfer 

into a spike count coding strategy.  However, there are some disadvantages for the rate 

coding strategy as it mainly focusses on the magnitudes of the input spikes but ignores 

the encoded temporal structure inside spike trains. Additionally, rate coding strategy is 

essentially time consuming as it requires each neuron to integrate input spikes sufficient 

to evaluate the temporal average of spike number per unit time. 

3.7.2 Temporal Coding   

Temporal coding represents the spike trains through using spike timing and can 

efficiently map the input information into the sequence order of spike trains rather than 

the average firing rate. Researchers created temporal coding to replace the rate coding as 

rate coding is not sufficiently fast enough to duplicate the fast decision making of the 

biological neural systems. Various research proves that the typical temporal resolution 

Figure 3.26: Latency coding example [168]. 
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of neural coding is in a range of milliseconds [195] which indicates the importance of 

applying precise spike timing when coding. As the objection of the rate coding, a number 

of research have proved that the decision-making neurons can provide responses just 

after a few input spikes when applying temporal coding strategy  [190][196].  

In general, temporal coding strategy can express features of spike trains which cannot 

be represented by the firing rate. Figure 3.26 denotes an example of the temporal coding, 

latency coding scheme, which is proposed by Thorpe [190]. 

Where the blue bar still represents the magnitude of the input spikes. Unlike rate 

coding, the magnitude is converted into precise time of spikes and the information 

carried inside are represented by individual spikes rather than a spike train. High 

intensity of the stimulus will result in a low latency of spike generation and low 

magnitude spikes will results in delayed spike generations [197].  

3.7.3 Population Coding  

The population coding scheme uses the joint sequences of action potentials or spikes 

of multiple neurons to express input stimulus [198]. For population coding, each neuron 

is endued to a certain input sets and each of the input response value is determined by 

combination of many neurons [199]. Unlike other coding schemes, the unique coding 

strategies of population coding have been revealed by a number of experiments 

[200][201][202][203].  

i. Independence: each neuron responds independently to the stimulus. 

ii. Decorrelation: neurons will interact and generate a decorrelated 

representation of the stimulus. 

iii. Correction: neurons respond redundantly to combat noise, thus errors can be 

corrected. 

iv. Synergistic coding: the unachievable information from separate neurons can 

be obtained through the group of neurons.  

3.7.4 Sparse Coding   

The sparse coding strategy represents input stimulus through encoding the strong 

action potentials or spikes of a small group of neurons [204]. There are two types of 
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sparse coding based on different focusing objects. The first one is temporal sparseness, 

which means the sparse is achieved on a relatively small number of time periods. The 

second one is sparse for the population of neurons, which indicates the amount of 

neurons that generate strong action potentials relatives to the total neuron number in a 

time period [205]. When applying sparse coding scheme, the interference between 

distinct neuron outputs is much less likely to happen and the learning for the spiking 

network is much easier.  

3.8 SNN Architecture  

The structure of the SNN is similar to the traditional Artificial neural networks with 

different neuron activations functions and spikes, e.g., carrier of the information. Thus, 

for a common SNN, there are two parts which decide the network performance. One is 

the encoding schemes which were introduced in section 3.7. The other one is the applied 

neural model. Figure 3.27 represents an example of the architecture of a multiple layer 

spiking neural network.  

As shown in figure 3.27 the structure is very similar to ANNs. With various coding 

layers which placed before the spiking layer, the unavailable event inputs can be 

transferred into understandable spike trains for the network. 

Inside SNNs, the information carried by the spike trains is propagated via synaptic 

weights. These synaptic weights react to the relevance of the connections between the 

Figure 3.27: Example architecture of a multiple layer spiking neural network [180]. 
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spiking neurons and are the key learning parameters inside a spiking neural network as 

they control the spike activations, and the output spike patterns.  

Additionally, the SNN architecture is able to exceed standard feedforward networks 

through applying additionally signal process techniques or changing neuron connections. 

Due to this special characteristic, vast unique spiking networks have been developed 

among past fewer years. for example, convolutional spiking neural network (CSNN), 

which combines convolutional layer and spiking neural networks by using difference of 

Gaussian (DoG) function as edge detection and encoding method, together with weight 

sharing neuron groups (kernels) [206][207][208]. The recurrent spiking neural network, 

which enhanced the sequence data processing ability of the SNNs through introducing 

recurrent layer structure [209][210][211]. 

3.8.1 SNN Training Methods 

During past years, three training methods have achieved successful results in various 

SNN applications. The first one is supervised learning, the most common training 

method for ANNs which involves feed-forward and back propagation strategy 

introduced in section 3.2. However, the supervised learning requires differentiable 

activation functions to reflect error gradients. As the discrete asynchronous event 

generated by the spiking neurons are non-differentiable, this training method is not easy 

to apply for SNNs. The second method is unsupervised bio-inspire learning, which often 

uses some forms of STDP (spike time dependent plasticity) as part of the learning 

procedure [212][213]. During the past decades, a number of works have demonstrated 

vary successful applications on SNN with STDP [214][215][216]. Yet, this research also 

denoted some drawbacks of the current unsupervised bio-inspire learning strategy. One 

of the main issues is that the Hebbian learning based bio-inspired learning algorithm 

does not achieve enough testing accuracy as supervised learning algorithm for 

classification or recognition of tasks. In addition, STDP training parameters must obey 

the spike distribution of the input data. Moreover, the not learning problem (neuron 

domination) is more likely to happen when excitatory and inhibitory actions which are 

generated by coupled spiking neurons appear. The reason is these actions are quite 

sensitive to the spike timing and weights of the spikes. The third training scheme is 

conversion of pre-trained ANN parameters. The parameters such as input data, weights 

and neurons are first trained in a conventional ANN with back propagation and then 
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transferred to spiking version. Moreover, most of the spiking training strategies 

nowadays are highly dependent on the applied spiking neural model and information 

encoding schemes introduced in chapter 4 since different learning behaviours can be 

resulted by different spiking models for the same event. 

3.8.2 Supervised Learning  

The earliest record for applying supervised learning on SNN training process came 

from Bohte et.al. [217]. Their published work, SpikeProp, accounts the spike timing in 

the cost function and successfully classified the XOR problem, a problem that predict 

the output of XOR logic gates by given two binary inputs. Like conventional ANNs, the 

supervised learning for SNN also requires gradient-based back propagation to minimize 

the error between the desired output spike trains for given inputs. The weights between 

the spiking neurons are justified through each iteration according to applied optimization 

methods as introduced in this chapter earlier. The advantage of the supervised learning 

is that it can achieve the equivalent accuracy for classification or recognition tasks to the 

ones of conventional ANNs. However, as the spikes are discrete in time i.e., the 

activation function for them is not derivable, the only way to enable supervised learning 

for SNNs is to find an approximate real-valued and differentiable surrogate to the 

activation function, which became the major limitation for developing supervised 

learning application on SNNs currently.  

After the birth of the SpikeProp, many of its variants were created for multiple 

applications. For example, Lee et.al. [218] created a SNN which treated membrane 

potentials as differentiable signals. Mostafa et.al. [219] published their work which uses 

the timing of the first spike for each neuron as its activation value, thus the input and 

output function for that SNN is differentiable and became very sparse with the ability to 

process complex temporal information of input spikes. Also, there are many other 

attempts appeared among past decade to break through the limitations of the supervised 

learning for SNNs. One attempt was focusing on generating spike trains with excepted 

spike times through training of synapses, like ReSuMe [220][221] (remote supervised 

learning), SPAN [222] (spike pattern association neuron) etc. Another attempt was 

focusing on the management of alternatives of spike functions, like backpropagated 

membrane potentials of a spiking neuron. Spike Layer Error Reassignment (SLAYER) 

[223] training algorithm is one of the advanced spiking learning algorithms among these 
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works. It approximates the derivative of the spike functions according to neuron state 

changes and assigns the errors to previous layers which allows the network to adapt 

developed gradient descent methods such as RmsProp [224] etc. 

3.8.3 Unsupervised Bio-Inspired Learning   

The unsupervised learning means training the network without pre-existing labels. 

The most representative scheme for unsupervised bio-inspired learning for spiking 

neural network is STDP [225]. STDP is a Hebbian learning rule with very intuitive 

explanation. When applying STDP, the synapse’s strength between two neurons is 

depends on the relative timing of the spikes from the pre-synaptic neuron and post-

synaptic neuron. If the pre-synaptic spikes fires before the post-synaptic neuron, the 

weight value of this connection will increase i.e., the connection between these two 

neurons is strengthen. This progress is named long-term potentiation (LTP) in STDP. On 

the contrary, if the post-synaptic neuron fires before the pre-synaptic neuron, the weight 

value will decrease. Like LTP, this phenomenon is also authored a name: long-term 

depression (LTD). The mathematical form of the STDP is shown in equation 3.14. 

∆𝑤 =

{
 
 

 
 
𝐴𝑒
−(|𝑡𝑝𝑟𝑒 − 𝑡𝑝𝑜𝑠𝑡|)

𝜏
, 𝑡𝑝𝑟𝑒 − 𝑡𝑝𝑜𝑠𝑡 ≤ 0 𝑎𝑛𝑑 𝐴 > 0

𝐵𝑒
−(|𝑡𝑝𝑟𝑒 − 𝑡𝑝𝑜𝑠𝑡|)

𝜏
,  𝑡𝑝𝑟𝑒 − 𝑡𝑝𝑜𝑠𝑡 ≥ 0 𝑎𝑛𝑑 𝐵 < 0  

  (3.14) 

where the upper equation represents the mathematical form of LTP, and the lower 

equation presents the LDP. For both, ∆𝑤  indicates the weight changes, 𝐴 and 𝐵  are 

constant parameters, 𝜏 denotes the timing window constant and  𝑡𝑝𝑟𝑒, 𝑡𝑝𝑜𝑠𝑡 represent the 

absolute timing of the pre-synaptic and post-synaptic spikes.  

Figure 3.28 shows the working principle of STDP. Due to the learning rule of STDP 

strictly depends on the connection between two layers which is lacking coordination with 

other parts of the network [226], the performance is not good enough in terms of accuracy 

for multi-layer spiking networks. 

Moreover, since unsupervised learning is usually implemented for local events which 

do not have extra information to supervise the SNN, it may be created under one or more 
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of the synaptic plasticity rules shown in table 3.2. However, only the Hebbian term-based 

learning scheme is currently applied in SNN, which is rule No.3. Other weight 

modulation rules are still too challenged to be used for SNN training. 

Table 3.2: Synaptic plasticity rules for unsupervised learning 

1.The reward or decay of the synaptic weights should base on the presence of the 

spiking activities [227]. 

2.The reward or decay of the synaptic weights must be independent of pre-synaptic 

spikes [228]. 

3.The synaptic weight modulation caused by both pre-synaptic and post-synaptic 

spiking activities [229]. 

4.The synaptic weight modulation caused by only pre-synaptic spikes but excludes 

post-synaptic spikes [230]. 

 

Figure 3.28: Working principle of STDP [199]. 
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3.8.4 Learning by ANN Conversion  

The development of ANN conversion training algorithm aims at avoiding the 

requirement of complex and dedicated training for SNNs. When applying, the first step 

for the methodology is to train a known ANN network. Then, adapting the pre-trained 

weights and parameters of the ANN network to its equivalent SNN counterpart [231]. 

Finally, mapping the input and output spike encoding and decoding of the converted 

SNN.   

The main advantages of ANN conversion method exist in two parts. One of them is 

that various numbers of highly efficient training techniques developed for ANNs can be 

leveraged with a negligible training overhead [232]. The other aspect is that the 

performance of the SNN is ensured even for some challenging datasets (datasets that 

require massive parameters in network training process) such as ImageNet [233]. In other 

words, the accuracy loss for the SNN is quite small when compared with its original 

ANN. Originally, the ANN-SNN conversion requires modifications on the network 

topology of the formal network [234]. Due to later achievements, it is possible to do the 

transformation directly. However, the disadvantages of ANN-SNN conversion are 

obvious.  

First, not all ANN operations can be transferred into SNN operations. Thus, the 

networks which contained these functions are hard to be converted. For example, the 

max pooling operation mentioned in section 3.3.2. Since the max pooling is not a linear 

function, it cannot be approximated by spike-to-spike basis.  

Second, when converting the encoding and decoding parts, the vast required 

parameters with their normalization degrade the efficiency of the SNN and bring 

additional costs. 

Generally, the ANN-SNN conversion requires finding the balance between the 

performance and the computational costs of the network. 
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3.9 Spiking Neural Networks for Human Hand Gesture Classification 

Over past decades, vast number of applications of SNNs have been demonstrated by 

researchers among various aspects  such as speech recognition [235], image 

classification [236] etc.  

Among all the aspects, it is worth to outline the achievements for SNN on human hand 

gesture recognition tasks. As presented in section 3.3.5, the conventional ANN based 

hand gesture recognition methods demand extensive processing time which limits its real 

time application performance. Through SNN, time consuming problem can be easily 

addressed. Currently, the SNN based human hand gesture classification methodologies 

can be divided into two popular parts according to the applied data format. One is 

classifying hand gestures by employing the collected 2D signals like EMG or EEG. A 

work presented by Mukhopadhyay et.al [237] in 2018 demonstrated a 89.39% 

recognition accuracy for an objects hand gestures while the ANN achieved 93.33 % 

recognition accuracy under the same conditions. As a result, the processing time for this 

kind of approach is highly decreased but the accuracy is still uncompetitive compared to 

the results for conventional ANNs.  

Similar research was also conducted by Haofeng Chen et al. [238] in 2021, involving 

conventional Artificial Neural Networks (ANN) and sEMG-based gesture recognition. 

Similar challenges or issues also encountered in their study. The other one is based on 

the image or video of hand gestures such as videos obtained by a dynamic visual sensing 

(DVS) camera. In 2018, Shrestha et.al. proposed their work on spiking backpropagation 

based hand gesture recognition tasks with a 96.49% accuracy for 10 classes [223]. 

Moreover, in 2017, Arnon Amir et al. [239] conducted a research study that utilized 

Spiking Neural Networks (SNN) and DVS camera-recorded hand gestures, known as the 

IBM Gesture Dataset. Their research paper reported an impressive accuracy rate of 

97.8%. However, the required processing time is increased as the video or image input 

is more complex when converting to spike trains compared with 2D signals. Furthermore, 

an alternative approach exists. Enea Ceolini et al. [240] have introduced a fusion 

mechanism that combines DVS image data with sEMG signals. In their research, they 

have designed a Spiking Neural Network (SNN) structure tailored for the specific 

purpose of classifying five different gestures using synchronized visual and 
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electromyography data. Additionally, the SNN is also implemented on neuromorphic 

devices known as Loihi and ODIN + MorphIC. Their findings indicate that the SNN 

approach offers a notable enhancement in energy efficiency. However, it's worth noting 

that the inference time also experiences an increase, approximately in the range of 20% 

to 40%. These drawbacks inspired the research work in chapter 6 which finds a trade-off 

between the consumed time and performance of SNN based hand gesture recognition.  

An additional reason that draws increasingly attention of applying SNN on human 

hand gesture recognition tasks is the energy efficiency characteristic of the SNN. 

Eventually, the designed network has to be equipped by a hardware such as electric 

prosthesis to help the disabled. With the low power consumption and high computing 

capability of the SNN, the SNN based electric prosthesis is capable of a longer standby 

period without extra power assistance compare with conventional electric prosthesis. 

Meanwhile, the difficulty of design of neuromorphic chips in architecture has been 

conquered by researchers and industrial partners. Various neuromorphic chips like 

TrueNorth [24], SpiNNaker [241], Loihi [25] have been designed and tested for real time 

applications, which further inspires the research on SNN based human hand gesture 

recognition. 

3.10 Conclusion 

In this chapter, the review of ANN and DNN techniques has been illustrated. In 

particular, the application for CNN in human gesture recognition tasks were introduced 

and discussed. The principles for the operations of neural networks in terms of neurons, 

neural models, training method, activation functions etc. were also included. The 

fundamentals of CNN and RNN were mentioned and discussed specifically in two 

separate parts as they represent the two main branches of current DNN technique. The 

CNN structure has significantly contributed to the visual based hand gesture recognition 

and was the inspiration for the chosen research in chapters 4-6 of this thesis.  

In addition, as the spatial features can be well handled by the CNN structure, the idea 

of use spatial feature in gesture recognition is also applicable in the spiking neural 

network (SNN). By combining both CNN and SNN, the actual spatial-temporal feature 

of the EMG signals can be analysed which was the key inspiration for the work in chapter 

4, 5 and 6. 
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The basic concepts and operation principle of SNN have also been reviewed in this 

chapter. As the most advanced generation of the neural network, the SNN shows high 

performance when receiving, processing and outputting the event-based information. 

The potential of SNN in terms of energy efficient and real time applications 

demonstrated in this chapter provides the theoretical fundamental of the research work 

in chapter 5 and 6.  

Although the advantages of the SNN are conspicuous, there are still many challenges 

such as uncompetitive performance compared with conventional ANNs, lacking reliable 

training algorithms etc. exits and needs to be addressed. Besides, the standard framework 

of the SNN haven’t been accomplished yet. 
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Chapter 4  

Intersected EMG Heatmaps and Deep Learning 

based Gesture Recognition  

4.1 Introduction  

 A novel methodology which aims at reducing the difficulty of processing sEMG 

signals-based hand gesture recognition is presented in this chapter. Section 4.2 shows 

the pre-processing of the raw sEMG signals and a unique energy density map generation 

technique which designed for further removing of the noises and reducing signal 

complexity. Section 4.3 indicates the structure of the novel deep convolutional neural 

network for hand gesture recognition tasks. The output results of our experiment are 

discussed and compared with other relevant research works are presented in section 4.4. 

Section 4.5 contains the conclusion and discussion of the recognition system. 

The raw sEMG sequence is signal sequences in time via magnitude forms. After 

converting raw signals into energy density maps, the information contained inside the 

combination of the sensor’s locations can be observed and processed by the neural 

network. With these additional features, the recognition accuracy is further enhanced 

according to the obtained results. Besides, as mentioned in section 3.3, the convolutional 

neural networks are excellent on addressing image-based classification tasks. Thus, the 

CNN was chosen as the classifier for this chapter’s research work. Moreover, the whole 

intersected heatmap procedure that is presented in section 4.2 is much faster compared 

with other existing methodologies. Based on the results, the neural network shows a 

faster processing speed when applying the datasets that have been processed by 

intersected heatmap methodology. Thus, the entire training and reacting time of the hand 

gesture recognition system is significantly decreased, as well as providing an 

improvement of the recognition accuracy. 
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4.2 Raw sEMG Processing and Intersected Heatmaps Algorithm  

After collected by the device introduced in section 2.5.1, a 3rd order Butterworth 

digital filter which can remove electronic equipment noise and motion artefacts is 

applied for filtering. When finishing, the sEMG signals are formed in Hamming 

windows of 250ms window length and 50% overlap.  

The intersected heatmap algorithm refers to one of the key inventions of the research 

described in this chapter. The heatmap indicate the strength of the electrical activity of 

the sEMG sensors as a results of different hand gestures which cause various muscle 

activities. According to section 2.5.1, the collecting device contains 128 sensors. Each 

of the sensors is represented by a channel which corresponds to a specific muscle area 

on the forearm. The values that represent the energy density are obtained from the mean 

absolute values which were computed over a 250ms window of the original sEMG signal 

based on the equation 4.1 shown below.  

𝐸 =  𝑚𝑒𝑎𝑛(
𝑆𝑓

max(|𝑆𝑓|)
)  (4.1) 

where 𝑆𝑓 indicates the filtered sEMG signals, max function indicates the maximum 

value and 𝑚𝑒𝑎𝑛 function represents the mean value. Additionally, the calculated energy 

is converted into RGB colours. The brighter the colour the higher the energy level the 

sensor contains. An example of the heatmap which represents a gesture performed by 

participant 5 is shown in figure 4.5. The left heatmap shows the array formed by the first 

Figure 4.1: Heatmap for close gesture of participant 5. 
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64 sensors placed on the flexor muscles and the right part of the heatmap refers to the 

array contains the remaining 64 sensors placed on the extensor muscles.   

Because most of the peak muscle activations occurred in small regions of the heatmap, 

as revealed by figure 4.1, vital information on certain areas where the muscle activity 

occurs can be lost when the arrays are divided into smaller rectangles or sensors are 

averaged. Through selecting sensors from the locations with high activation levels, the 

represent muscle activation patterns and omit readings from sensors which provide little 

or even sprues information can be improved. To serve this purpose, the RGB heatmaps 

were first converted into grey scales figures which remained in the same format, e.g., 

same sensor locations and arrangements to enhance visibility of the sensors that includes 

the highest energy densities. Only the most active sensors were re-coloured in white after 

the transformation, while less active and non-active sensors were represented by black. 

Moreover, based on previous experiments, there is an optimal number of sensors which 

provide useful information for all features. Identifying theses optimal number of sensors 

helps minimize overlapping common features to further reduce the required training time. 

Thus, an empirical strategy was applied to investigate and determine optimal sensor 

numbers.  

Figure 4.2: (a) for 1 sensor; (b) for 2 sensors. 
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The procedure starts by applying only one sensor which contains the highest energy 

strength for a given gesture for both bands to form the first partial heatmap. Then the 

additional partial heatmaps are formed by introducing additional sensors with the next 

highest energy level until 50 sensors as the model performance does not increase when 

going above. Figures 4.2 and 4.3 show the example of the heatmaps generated from 4 

topmost sensors for a “close” gesture for the lower band. In general, 340 partial heatmaps 

(30 partial heatmaps for 9 able bodied participants and 5 for 14 amputees) were obtained 

after the first process for each set of the sensors selected (from 1 to 50 sensors). In total, 

136000 partial heatmaps were generated (340 per-gesture × 8 gestures × 50 sensor 

selection conditions).  

After obtaining the partial heatmaps with the optimal sensor numbers, the intersection 

algorithm is introduced. Given the mixture of healthy participants and amputees with 

varying degree of injuries, the partial heatmaps obtained at the current stage still contains 

spurious information. For example, outliers or signals with high degree of noise. These 

noises could cause misclassification during a training process and delay the network 

response time for real time applications. Due to the presence of misinterpreted messages 

necessitates the network to expend additional effort in filtering and distinguishing 

genuine features from the noise. The intersection methodology shown in table 4.1 that 

determines the common heatmap features for each gesture for all participants presented 

below successfully addressed these problems.  

 

Figure 4.3: (a) for 3 sensors; (b) for 4 sensors (2 of the sensors are close to each other). 
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Table 4.1: Intersected Algorithm for Participants 

Input: partial heatmaps (heatmaps which contains certain numbers of sensors) for all 

subjects’ gestures for all numbers of sensors considered 

1. Collect all partial heatmaps for same sensor number for all subjects’ gestures. These 

heatmaps represent muscle activation patterns captured by a specific number of 

sensors. 

2. Select one partial heatmap for one gesture from one subject. The heatmap will be 

used for comparison with all other heatmaps of the same gesture from different 

subjects. 

3. Subtract (pixelwise) the heatmap of the selected subject’s gesture from all remaining 

heatmaps (from all other users) for the same gesture. This step is performed pixel-

wise to eliminate subject-specific features and highlight differences. 

4. Inverse pixel value of obtained subtracted heatmaps to generate intersected 

heatmaps between the chosen subject and each of the other subjects. This inversion 

helps to identify common features between the chosen subject and each of the other 

subjects. 

5. Repeat steps 2 to 4 for all other subjects 

6. Repeat steps 2 to 5 for all remaining gestures 

7. Repeat steps 1 to 6 for all remaining sensor number selections. 

 

The intersected algorithm was applied for the selected number of sensors considered 

in each case for all participants, each gesture in turn. In this chapter, a maximum of 50 
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sensors and 8 gestures (1: palm up; 2: palm down; 3: tripod closed; 4: lateral; 5: point; 

6: flexion; 7: extension; 8: close.) experiment was achieved and based on recognition 

results, the best accuracy was achieved by using 35 sensors.  

57630 intersected heatmaps were obtained for each gesture after the intersection 

algorithm for each set of sensors were selected. In total, 16136400 intersected heatmaps 

were generated (57630 per-gesture × 8 gestures × 35 sensor selection conditions) for the 

research. The applied 50 sensors aim to find out what is the best number of sensors for 

intersection heatmaps, and the best result was achieved with 35 sensors, thus 16136400 

intersected heatmaps were generated. An example of the intersected heatmaps for 

participant 9 is shown in figure 4.4. 

4.3 Deep Convolutional Neural Network Structure 

As the advantages of applying convolution neural network in image based deep 

learning tasks are significantly superior compared with other types of neural networks, 

was indicated in section 3.3.5, a novel CNN was created for the research work in this 

chapter. 

The CNN's architecture was grounded in the VGG [242] framework owing to its 

straightforward design, ensuring that alterations to the network structure remain 

manageable and avoid potential complications. Furthermore, given that the prosthesis 

operates on battery power, minimizing energy consumption was crucial, hence the 

decision to incorporate just three convolutional blocks to keep the layer count as low as 

feasible. Shown in figure 4.5, the whole CNN can be divided into convolutional blocks, 

dropout layers and output layer. In total, three convolutional blocks were applied and 

each of them contains 3 convolutional layers with a fixed size 3x3 filter. A max-pooling 

Figure 4.4: Intersected Heatmap for 35 channels for 8 gestures. Gestures from left to right: close; extension; flexion; 

point; lateral; tripod closed; palm down; palm up. 
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layer is also included in the first two convolutional blocks, which aims at substantially 

reducing the computing free-parameters. Two dropout layers [243] with 512 neurons are 

attached to the last convolution layer of the third convolutional block to prevent 

occurrence of overfitting issues. The output layer includes 8 neurons which correspond 

to the required predicting gesture numbers. In addition, the learning methodology that 

controls the learning process for the CNN is a SoftMax combined Adam gradient descent 

algorithm [244]. 

4.4 Experiment Results Comparations  

For all the numerous experiments presented in this chapter, the CNN was trained for 

various experiments using different hyperparameters, while the training process was 

limited to 10 epochs. This approach was applied across a range of sensor inputs, from 1 

to 50 sensors. It was observed that when the number of sensors exceeded 50, there was 

a decline in recognition accuracy. This decline is likely attributable to the increased level 

of noise present within the sensors. 

The hand gesture recognition results for applied 8 hand gestures shown in figures 4.3 

and 4.4 are presented in figure 4.6. 

 These results were obtained through intersected heatmaps which combined upper and 

lower bands. According to the figure, for the set of gestures considered, the recognition 

accuracy improved significantly with increasing numbers of the sensors, until 35 sensors 

are used. The best classification accuracy achieved for intersected heatmap algorithm 

was 98.96% when 35 sensors were considered.  

Figure 4.5: CNN network structure. 
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The histogram in figure 4.6 indicates that beyond 35 sensors, the testing results 

appears to be similar. For some sensor numbers, such as 40 sensors, a slight reduction 

Figure 4.6: Classification results for combined two bands for 8 gestures. 

 

Figure 4.7: Confusion matrix for 35 applied sensors, 98.96% accuracy. 
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appeared in the classification rates. Hence, 35 is considered as the optimal number of 

sensors which can produce the best classification results in this research. Figure 4.7 

demonstrate the obtained confusion matrix of the 8 gestures recognition task testing 

result for 35 sensors. According to figure 4.7, the most confused gesture for the CNN 

when doing recognition task was extension with 98.96% accuracy while the other 7 

gestures achieved almost 1.00 accuracy.  

Table 4.2: Common active 35 sensors for two bands 

Gestures 
Lower Band Common 

Sensor Locations 
Upper Band Common Sensor Locations 

palm up 48,49,50,53,54,55 103,104,105,117,118,119,125,126,127,128 

palm down 24, 27, 50 107, 108, 109, 

117,118,119,121,122,123,124,125,126,127,128 

tripod closed 3, 4, 5, 6, 54, 55 95,96,97,105,106,107, 

108,117,118,122,123,126,127,128 

lateral 1, 2, 3, 4, 5, 6 67,105,106,113,114, 

117,118,120,121,122,123,124,126,127 

point 3, 4, 5, 6, 20, 21, 22 117,118,120,121,122,123,124,126,127,128 

flexion 2, 3, 4, 20, 21, 22 91,92,93,94,95,96,97,117,118,126,127,128 

extension 46,47,48,49,53,54,55,56,57 
95,96,97,111,112,113, 

117,118,119,125,126,127 

close 3,4,5,6,7,8,27,28,29,49,50 110,111,112,113, 117,118,119,125,126,127 

 

 



104 
 

Table 4.3: Classification results comparison 

Method 
Gesture 

numbers 

Amputee 

numbers 
Input data type Results 

SVM ([245]) 10 11 Spectrogram 77.44% 

ANN ([246]) 4 0 
Time Frequency 

Features 
88.40% 

CNN ([247]) 6 0 
Wavelet 

Transformation 
96.60% 

JL ([248]) 4 0 
TD and other 

features 
90.00% 

CNN ([249]) 7 0 
Transfer 

Learning 
97.81% 

IA-

CNN([250]) 
6 14 

Intersected 

Heatmap for 

both bands 

98.24% 

IA-

CNN([250]) 
7 14 

Intersected 

Heatmap for 

both bands 

98.77% 

IA-

CNN([250]) 
8 14 

Intersected 

Heatmap for 

both bands 

98.96% 
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Besides, the optimal sensor algorithm presented in this chapter identified the sensors 

which provide the best combination results for a particular gesture. This obtained 

optimality is used in chapter 6. In table 4.2, the common sensors for both bands for 8 

hand gestures are listed.  

It can be clearly seen that for most cases, only around 20 sensors are contributing 

significantly for all participants (both able-bodied and amputees) and many of them are 

contributing to more than one gesture. For example, the sensors 27 and 50 are both active 

for palm down and close. However, the combination of sensors for each gesture are 

unique. In other words, when a certain sensor combination occurs, other sensors can be 

ignored.  Moreover, there are more contributing sensors from the upper band than the 

lower one.  

As the research output demonstrated a nearly perfect result for the given dataset, it is 

interesting to do a comparison with previous works. The comparison between the 

intersected heatmap methodology and several methods is shown in table 4.3. The last 3 

entries in the table indicate the results using the proposed approach when 6, 7 and 8 

gestures were considered with corresponding classification rates of 98.24%, 98.77% and 

98.96% respectively.  

It should be noted that, most of the previous experimental results were achieved from 

different sEMG datasets. However, the equipment used to collect the data were identical 

in all compared cases (all collected via non-invasive electrodes, the only difference is 

the numbers of applied electrodes) and therefore the compared datasets are as similar as 

they can be. According to table 4.3, 77.44% accuracy was achieved by Xiaolong Zhai et 

al. [245] through SVM classification methodology on NinaPro dataset. Rezwanul et 

al.[246] successfully used the time frequency features of the raw sEMG signals on 

training an ANN and obtained 88.40% testing accuracy. Some DSP methods such as 

wavelet transform have also been applied on sEMG signals by Ugur Sahin et al. [247].  

With 6 target hand gestures, they achieved 96.60% accuracy. Xun Chen et al. [248] tried 

several methods such as Hudgins’ Time Domain features, autocorrelation and cross-

correlation coefficients and spectral power magnitudes of EMG signals and achieved 90% 

real time recognition accuracy for various hand gestures collected from 6 participants. 

The last comparison happened between research accomplished by Côté-Allard et al. 
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[249], which involved a transfer learning algorithm for 17 participants and reached 97.8% 

accuracy for 7 aimed gestures-based recognition task. 

As the dataset applied for the research in this chapter achieved as high as 98.96%, 

which contains 8 hand gestures from 23 able handed and amputee participants, the 

experimental results show that the intersected heatmap approach outperforms most of 

other methodologies in terms of accuracy.  

In addition, considering the varying degrees of amputation among the participants, an 

additional experiment tailored specifically for those with diverse amputation levels was 

devised. The outcomes of this experiment are presented in table 4.4. 

Table 4.4 Results of intersected heatmap algorithm for different amputation levels 

Amputation 

level 

Gesture 

Number 

Subject 

Number 
Input Data Format Result 

Able-bodied 8 9 
Intersected 

Heatmap  
99.02% 

Partial hand 8 5 
Intersected 

Heatmap  
98.63% 

Trans-radial 8 8 
Intersected 

Heatmap 
54.38% 

 

Based on previous research conducted by Radhika Menon et al. [93], it was anticipated 

that able-bodied subjects would exhibit optimal performance due to the absence of any 

upper limb impairment. This was corroborated by the results in table 4.4, showcasing a 

classification accuracy of approximately 99.02%. Following closely were partial hand 

amputees, who achieved a commendable 98.63% accuracy. This is likely due to their 

retained intact forelimb, free from the muscle resection that occurs during surgical trans-
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radial amputation or stump formation post-trauma. In contrast, trans-radial amputees 

experienced a significant drop in accuracy to 54.38%, which can be attributed to the loss 

of crucial muscles necessary for executing the specified gestures during the experiment. 

4.5 Conclusion  

In this chapter, a novel intersected heatmap method which designed for different 

participants etc. hand partial amputees, was presented for personalizing EMG-based 

models with deep learning techniques. The comparison between the output results for 

this method and some proposed prior works has indicated the advancement of the 

intersected heatmaps.  

Furthermore, the research presented in chapters 5 and 6 are based on the intersected 

heatmap and common sensor algorithm presented within this chapter. The unique dual-

band structure of the CapgMyo dataset [97], featuring 8 set of 16 channels, in contrast to 

the Strathclyde dataset's singular 64-channel band [93], proves the adaptability of 

intersected heatmap algorithm across diverse channel configurations. Moreover, 

acknowledging the potential limitations of data acquisition devices lacking 128 sensors, 

the intersected heatmap algorithm remains applicable, albeit with the acknowledgment 

that the identified common sensors may vary due to different sensor counts, potentially 

excluding certain sensors under specific sensor numbers.  

The approach not only minimizes the input data dimensions by reducing the required 

number of attaching sensors without recognition accuracy deterioration, but also has the 

added advantage of minimizing the possibility of erroneous readings. In addition, the 

approach also reveals that the active sensors are not spread equally for upper band and 

lower band. Thus, the individual recognition accuracy for each band may differ for some 

gestures. Furthermore, given that there are several sensors which contribute to more than 

one gestures, it is reasonable to assume that judicious selection of sensor inputs can be 

used to minimize the number of sensors required to obtain very high classification 

accuracy. This finding inspired and led to the research works presented in chapter 5 and 

6.  
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Chapter 5  

Deep Convolutional Spiking Neural Network 

based Hand Gesture Recognition   

5.1 Introduction  

In this chapter, a novel hand gesture recognition technique based on the advantages of 

SNN as introduced in chapter 3 is presented. Because the power supply for hand 

prothesis is limited in reality and considering that SNNs are the most energy efficient 

networks nowadays, it is natural to attempt to use them in real-world applications like 

hand gesture recognition systems, in this case. Moreover, through applying SNNs, the 

required training time for the network is further reduced when compared with the 

research work presented in chapter 4, which used CNNs.  

Due to the superior performances and advantages shown by the intersected heatmaps 

in chapter 4, a novel CSNN (convolutional spiking neural network) structure was created 

for this research to exploit these benefits. In addition, the common sensors for each 

gestures which were identified and presented in chapter 4 are also used in this chapter to 

form common heatmaps. With the help of the common heatmaps, the complexity of the 

network input data is greatly decreased. Thus, the essential training parameters and 

calculation process inside the SNNs are further improved.  

The common heatmap generation procedure is presented in section 5.2. Section 5.3 

indicates the novel CSNN structure. The comparation of the experimental results and 

some previous research works are shown in section 5.4. The conclusion and discussion 

of this research approach are included in section 5.5. 

5.2 Common Heatmap Algorithm  

The common heatmap algorithm shares a similar starting procedure as the intersected 

heatmap algorithm. The collected signals were first amplified and sampled at 2048Hz. 

Then, these sampled signals were passed through a high pass filter with cut off frequency 

3Hz and a low pass filter with 500Hz cut off frequency as major EMG activity happens 



109 
 

between 5Hz and 450Hz. After locating the EMG activity, a 3rd order Butterworth digital 

filter was applied to remove electronic equipment noise and motion artefacts. The next 

step is to generate partial heatmaps which indicate the sensors with highest signal 

strength and their locations (details can be reviewed in chapter 4). However, because 

certain gestures cannot be performed by some amputees such as grip, only 8 gestures 

which can be performed by both set of participants (able bodied and amputees) were 

chosen for the experiment test. These 8 gestures (close; extension; flexion; point; lateral; 

tripod closed; palm down; palm up) are shown in figure 2.12 and 2.13 (chapter 2, section 

2.5.1). The process stops when 50 (out of 64) sensors were selected for each band (100 

sensors in total and the last 14 sensors were ignored as their signal strengths were quite 

low) [250]. The common sensor numbers for each gesture for Strathclyde sEMG dataset 

were identified through the common sensor locating algorithm below and is shown in 

table 4.2(chapter 4, section 4.4).  

Due to different hand gestures applied in CapgMyo dataset, the common sensors for 

CapgMyo were examined through a similar process as for Strathclyde dataset 

(CapgMyo’s collecting device also includes 128 sensors). As the acquired sEMG signals 

for the 8 gestures (thumb up; extension flexion; flexion extension; thumb opposing; 

abduction; fingers flexed; pointing index; adduction) were already band pass filtered at 

20-380Hz and sampled at 1000 Hz, we only added the same 3rd order Butterworth digital 

filter for noise reduction.  

By applying the common sensor locating technique, it is possible to determine and use 

for classification tasks, the sEMG values from sensors that are common to all users in 

each case. The obtained common sensors for each of the gestures for CapgMyo are 

shown in table 5.1 and the common sensor locating algorithm is presented in table 5.2. 
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Table 5.1: Common Active Sensors for CapgMyo Dataset 

Gestures 

Lower Band 

Common Sensor 

Locations 

Upper Band Common 

Sensor Locations 

Thumb up 2, 3, 4, 5 113,114, 

117,118,120 

Extension 

flexion 

2, 3, 5, 

46,47,48,49,53 

95,96,97,111,112,113, 

117,118,119 

Flexion 

extension 

2,3,4,5,46,47,48,49, 

53,54,55,56 

95,96,97,111,112,113, 

117,118,119,125,126, 

Thumb  

opposing 
24,25,27,47,48,49,50 117,118,119,121,122, 

123 

Abduction 

2,3,4,5,46,47,48,53, 

54,55,56 

95,96,97,111,112,113,117, 

118,119,125,126,127 

Fingers 

flexed 

3,4,5,6,7,8,27,28,29, 

49,50 

110,111,112,113, 

117,118,119,125,126, 

127 

Pointing 

index 
3,4,5,20,21,23 117,118,120,121,122, 

123,124,126,127,128 

Adduction 48,49,50,53,54,55 103,104,105,117,118, 

119,125,126,127,128 
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Table 5.2: Common Sensor Locating Algorithm for Sensors 

Input: partial heatmaps for all subjects’ gestures for all numbers of sensors considered 

Output: common heatmaps 

1. Collect all partial heatmaps for same sensor number for all subjects’ gestures. 

2. Select one partial heatmap for one gesture from one subject. 

3. Intersect the heatmap of the selected subject’s gesture from all remaining heatmaps (from all 

other users) for the same gesture to generate common heatmaps between the chosen subject 

and each of the other subjects.  

This generates common heatmaps between the chosen subject and each of the other subjects. 

4. Repeat steps 2 to 3 for all other subjects to ensure all possible combinations of subjects are 

considered for the selected gesture. 

5. Repeat steps 2 to 4 for all remaining gestures to generate common heatmaps for each gesture 

across all subjects. 

6. Repeat steps 1 to 5 for all remaining sensor number selections to ensure the process is applied 

to all sensor configurations. 

  

For each gesture in our self-collected dataset, 340 partial heatmaps were created (30 

partial heatmaps from 9 able handed participants and 5 from 14 amputees). With 8 

gestures performed by all participants, 136000 partial heatmaps were obtained (340 per-

gesture× 8 gestures × 50 sensors selection conditions). With the common heatmaps 

algorithm for each set of the chosen sensors, 57630 common heatmaps were generated 

for each gesture[251]. In total, 23,052,000 common heatmaps were involved in this 

research (57,630 per-gesture × 8 gestures × 50 sensors election conditions). As for 

CapgMyo dataset, 38 partial heatmaps were obtained per-participants for each gesture 

Figure 5.1: common heatmaps for participant 1 for CapgMyo. 
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for each set of sensors selected (from 1 to 50). In total, 15200 partial heatmaps were 

collected (38 per-gesture × 8 gestures × 50 sensors selection conditions). After applying 

the common sensor locating algorithm, 296,400 common heatmaps were obtained (741 

per-gesture × 8 gestures × 50 sensors selection conditions). 

Figure 5.1 indicates the examples of acquired common heatmaps for participant 1 

from the CapgMyo dataset, 

where the white colour indicates the location of the chosen common sensors which 

contain the common features, and the black colour represents the locations of the sensors 

whose readings were ignored after applying the common sensor location algorithm (non-

common sensors). The higher the signal strength of the sensor, the brighter the colour is. 

5.3 Deep Convolutional Spiking Neural Network Structure  

The convolutional spiking neural network is the combination of two separate 

techniques: spiking convolution operation and encoding [251]. The first important part 

is a spike encoding which converts the pixel intensity value of the common heatmaps of 

the input figures to spike images/spike trains according to a threshold. The threshold was 

determined through various experiments and the best experiment results occurred when 

a threshold of 75 (ranges from 0 to 99; with 0 being total black and 99 being total white) 

was chosen for both datasets. For this research, the LIF encoding technique is applied to 

accomplish the encoding task. Once the pixel intensity value is above the threshold, a 

spike will be generated. With all the pixel intensities replaced by spikes, the common 

heatmap was turned into spike images.  

The second major part of the spiking convolutional operation aims at extracting and 

learning the spike features that were converted by the spike encoding. The rule of the 

applied convolution operation is presented in equation 5.1, which dealing with spikes (0 

and 1) instead of standard pixel values (0-255). 

𝑦[𝑚, 𝑛] = ∑ ∑ 𝑥[𝑖, 𝑗] ∙ ℎ[𝑚 − 𝑖, 𝑛 − 𝑗]

∞

𝑖=−∞

∞

𝑗=−∞

  (5.1) 
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where 𝑚 denotes the horizontal coordinate of the selection point; 𝑛 represents the 

vertical coordinate of the selection point; 𝑖 represents the horizontal coordinates and 𝑗  

indicates the vertical  coordinates for all pixels inside the input image [252].  

The surrogate gradient method is used to train the CSNN to solve the training problem 

of the spiking neural network [253]. By using the surrogate gradient method to select a 

differentiable function with similar non-differentiable activation function as a surrogate 

function proxy (such as softplus) [254], the gradient, weights and bias of the CSNN can 

be updated during training. In addition, the trained CSNN can be deployed on 

neuromorphic hardware such as Loihi [25] to generate hand prosthesis in real world. 

The whole structure of the CSNN is shown in figure 5.2. Similar to the normal CNN 

(inspired by the network in chapter 4), the network contains 4 convolutional layers which 

process spikes (second layer, third layer, fifth layer and seventh layer). There are 32 

kernels (size 3×3) inside the second layer, 64 kernels (size 3×3) applied to the third layer, 

128 kernels (size 3×3) in the fifth layer and 256 kernels (size 3×3) in the seventh layer. 

The first layer of the CSNN is formed by a group of LIF neurons to perform the encoding 

operation. The fourth layer is an average pooling layer with pooling size 2, with a stride 

of 2. For the sixth layer, the average pooling operation is done again with pooling size 2, 

and a stride of 2. The eighth layer is another pooling layer which has the same parameters 

as the previous ones. The last layer of the network, nineth layer, is a dense fully 

connected layer which produces the classification results. The rationale behind designing 

this network structure is similar to that outlined in chapter 4, aimed at ensuring 

manageability and minimizing power consumption. 

Figure 5.2: The Architecture of proposed CSNN. 
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5.4 Experimental Results 

Various experimental results were obtained for both datasets after training the CSNN 

with ANN conversion. By comparing these results with prior research works, the 

superior qualities such as the improved testing accuracy of the common heatmap 

algorithm were verified. 

Figure 5.3 shows three test results for CSNN of our collected sEMG dataset after 

applying the common heatmap algorithm. Figure 5.4 indicates the confusion matrix of 

classification results of Strathclyde dataset. 

(c) 

(b) 

Figure 5.3: CSNN classification results for Strathclyde dataset. 

  

(c) 

(b) 

possibility possibility 

possibility 

(a) 
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where the figure shows the input common heatmap and the ledger and response 

diagram indicate the recognition result. Each number in the ledger denotes a pre-defined 

hand gesture (0: palm up; 2: palm down; 3: tripod closed; 4: lateral; 5: point; 6: flexion; 

7: extension; 8: close) represented by specified colour. The vertical axis of the line charts 

indicates the possibility (in percentage) of the gesture the input common heatmap stands 

for, and the horizontal axis of the line charts represents the processing time (in seconds). 

Clearly, as shown in figure 5.3, the possibility for each gesture always starts with 0 

when the common heatmap is fed into the CSNN. The time displayed on the x-axis, 

measured in seconds, illustrates how the classification results change over time as the 

amount of input data increases. After approximately 0.002s, the correct line which 

indicates the actual gesture that the input common heatmap represents starts to rise while 

other gesture lines are falling. This tendency continues until the testing time ends, at 

around 0.01s, where short analysis windows of approximately 10 ms have been shown 

sufficient for real-time sEMG classification according to previous research [255] [256]. 

as according to x axis shown in figure 5.3. Eventually, the line which contains the highest 

possibility would be selected by the CSNN as the actual recognition result for this whole 

set of gestures test. Additionally, the decision-making process of the CSNN is also 

Figure 5.4: Confusion matrix for Strathclyde dataset via CSNN. 
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demonstrated in figure 5.3. For example, in figure (a), lines for gestures 1, 3 and 4 all go 

up from 0.002s to 0.004s, which means initially the CSNN predicts the input common 

heatmap represents multiple gestures. This phenomenon happens as some common 

sensors exist in multiple gestures (table 4.1 and 5.1). However, through the CSNN’s 

further ‘processing’, the line representing gesture 1 keeps rising while the other two lines 

start to decline, which indicates the CSNN believes that the input heatmap belongs to 

gesture 1. In addition, figure 5.3 also displays some interference which cannot be 

removed even after applying common heatmap algorithm. For example, the common 

heatmaps obtained from the same performed gesture (palm up, shown in (b) and (c) in 

figure 5.4), they can appear to be slightly different in some sensors’ energy intensities 

(colours). This is mainly because the muscle strength for each participant can be different. 

However, despite the interference, the CSNN achieves 98.76% average testing accuracy 

for our self-collected dataset after applying the common heatmap algorithm. 

The recognition result examples for the CapgMyo dataset are presented in figure 5.5 

and figure 5.6.  

(a) (b) 

(c) 

Figure 5.5: CSNN classification results for CapgMyo dataset. 

  

possibility possibility 

possibility 
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Again, the time displayed on the x-axis also illustrates how the classification results 

change over time as the amount of input data increases. 

Where the figure still represents the input common heatmap and the ledger and 

response diagram show the recognition result. The numbers and colours still have the 

same meaning as figure 5.4 for 8 selected hand gestures from CapgMyo (0: thumb up; 1: 

extension flexion; 2: flexion extension; 3: thumb opposing; 4: abduction; 5: fingers 

flexed; 6: pointing index; 7: adduction). The vertical axis and the horizontal axis refer to 

the possibility of prediction (in percentage) and the processing time (in second). 

Shown in figure 5.5, the CSNN starts the recognition process at around 0.0025s which 

is a bit slower than the previous experiment based on our self-collected dataset. Due to 

the muscle strength differences, the recorded signals for the CapgMyo are weaker 

compared to the signals from our self-collected dataset (the colour white is not as bright 

as our dataset). In other words, the features for CapgMyo’s common heatmaps are less 

prominent compared to the common heatmaps generated based on our self-collected 

dataset. Thus, a longer recognition time appears in figure 5.5 as the CSNN requires more 

time to extract and recognize the information. However, the prediction process still ends 

Figure 5.6: Confusion matrix for CapgMyo dataset via CSNN. 

 



118 
 

at 0.01s, which remains unchanged for both datasets. Like the previous test, the lines for 

the same gesture thumb up (represented by (a) and (b) in figure 5.5) are in different forms 

due to the small differences of the pixel intensity which exist in the common heatmaps. 

Eventually, the CSNN achieves an average 98.21% testing accuracy. Though it is 

marginally lower compared to the collected dataset, it still shows the efficiency and 

advantage of the common heatmap algorithm even when applied to different sEMG 

datasets.  

The disparities in processing time for the two datasets can be attributed to variations 

in the sEMG signals. Since the gestures and participants contained in the two datasets 

differ, the resulting spikes inputted into the SNN also vary. Therefore, despite employing 

the same SNN structure for both experiments, the processing time required differs. 

Once the test results were completed, they were first compared to our previous results 

obtained using the IACNN (intersected heatmap based convolutional neural network) 

methodology introduced in section 4.4. Table 5.3 provides the comparison details.  

Table 5.3: Classification Results Comparison 

Method 
Gesture 

Number 

Subject 

Number 
Dataset Result 

IA-

CNN([250]) 
8 23 Strathclyde 98.96% 

IA-

CNN([250]) 
8 10 CapgMyo 97.59% 

CSNN([251]) 8 23 Strathclyde 98.76% 

CSNN([251]) 8 10 CapgMyo 98.21% 
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As shown in table 5.3, the previous IACNN method achieved 98.96% accuracy for 

Strathclyde dataset. By contrast, for the CSNN, 98.76% accuracy was achieved for 5 

times experiments. Hence, the common heatmap algorithm and CSNN produced a 

comparable performance (only 0.2% accuracy loss) to the intersected heatmaps 

algorithm and IACNN but using only just one sixth of the training of the latter approach. 

Additionally, the presence of the tiny accuracy loss is mainly because of the conversion 

process. As the threshold for the CSNN was essential when transferring normal figures 

into spiking images, any lower value features would be filtered out. Thus, the 

information contained inside these features cannot be absorbed by the network. With the 

improvement of the transfer methods, these kinds of losses can be further minimized.  

Moreover, also shown inside the table, the recognition result achieved by CSNN on 

the CapgMyo dataset reached over 98% accuracy, which is higher than the IACNN’s. In 

conclusion, the CSNN methodology is a superior and can be a more widely applicable 

technique for hand gesture recognition as it outperforms IACNN on both datasets which, 

in total, include 16 gestures. 

The test results comparation between our research work presented in this chapter and 

some previous achievements accomplished by other researchers are listed in table 5.4. 

Based on Table 5.4, the CSNN exhibits the third-highest testing accuracy, registering 

at 98.21%, among the six presented hand gesture recognition methods. Notably, the peak 

accuracy of 98.9% is achieved by Jiangcheng Chen et al. [257] utilizing 3DCNNs, while 

a close second of 98.7% is also secured by Jiangcheng Chen et al. [257] with 2DCNNs. 

Despite these two exceeding the CSNN's performance, their research focuses on a 

smaller set of objects, potentially contributing to their superior results due to reduced 

complexity.  
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Table 5.4: Classification Results Comparison for Multiple Methodologies 

Method 
Gesture 

Number 

Subject 

Number 

Input Data 

Format 
Result 

2DCNN([257]) 8 6 
sequential sEMG 

images 
98.7% 

3DCNN([257]) 8 6 
sequential sEMG 

images 
98.9% 

Quantization-

based position 

Weight Matrix 

(QuPWM) 

based SVM 

([258]) 

8 9 

Quantization-based 

position Weight 

Matrix features 

75% 

CNN with 

spatial attention 

modules ([259]) 

8 10 sEMG images 96.06% 

CSNN([251]) 8 10 common ED map 98.21% 

SVM, LDA, 

KNN and 

BP([260]) 

8 10 

HD sEMG maps 

created by decoded 

signals 

94.21%±4.84%  

 

Yurong Li et al. [260] follow closely behind with an accuracy of 94.21%±4.84%, 

achieved through various classifiers like SVM, LDA, KNN, and BP. In addition, the 

method devised by Abderrazak Chahid et al. [258] applying a Quantization-based 
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Position Weight Matrix, demonstrates a significantly lower accuracy of 75%, compared 

to the 96.06% achieved by S. Hao et al. [259]. using CNNs with spatial attention modules. 

This disparity highlights the varying effectiveness of different classification approaches, 

as SVMs and CNNs employ distinct training strategies. It is plausible that the observed 

performance differences stem not only from the input features but also from the choice 

of classifier. 

Importantly, all the reported results in Table 5.4 are based on evaluations conducted 

on the CapgMyo dataset. 

5.5 Conclusion  

In this chapter, a novel common heatmap (targeting the enhancement of hand gesture 

recognition performance for amputees by minimizing the number of sensors) based 

algorithm for personalizing sEMG based models with CSNN has been presented. Two 

high density sEMG datasets (Strathclyde dataset and CapgMyo dataset) were applied to 

evaluate the actual performance of the technique. The obtained testing accuracy is 

compared with proposed prior works that were based on different sEMG signal 

processing methodologies such as sequential sEMG images, Quantization-based position 

Weight Matrix features and self-designed auto encoder with various machine learning 

and deep learning techniques. The compared results indicate that the core advantage of 

the common heatmap based CSNN approach not only reflects the minimisation of 

network training time and dataset processing time, but also depicts the high accuracy of 

this hand gesture recognition approach. According to section 5.4, the experiment results 

denote that the common heatmap based CSNN approach grants faster user execution 

than other approaches without recognition accuracy loss, which is important when 

building real time hand gesture recognition systems (hand prosthesis). Additionally, the 

CSNN achievement presented in this chapter is based on the magnitude of the sEMG 

signals (heatmaps indicates the energy density which is the magnitude of the signals). In 

this chapter, we only looked at magnitude of the signals. However, as the previous works 

reviewed in this chapter prove that various features of the sEMG signals can be used for 

gesture recognition tasks, our work has also been extended into frequency features of the 

sEMG signals, which is presented in chapter 6. 
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Chapter 6  

Deep Spiking Neural Network and Frequency 

Density Map based Hand Gesture Recognition 

6.1 Introduction 

This chapter presents the novel design and experiment process of a CSNN based hand 

gesture recognition system. The SSA technique is utilized to eliminate noise from the 

raw sEMG signal, as it effectively isolates the signal's primary component from the noise 

[98]. By reconstructing the signal using only its main component, the impact of noise 

can be further minimized. The SNN model was trained by ANN conversion algorithm 

(described in section 3.8.4) with a novel CSNN architecture. The frequency density maps 

(FDM) method (in section 6.2) is validated as one of the best input features for the 

proposed CSNN structure. The CapgMyo open-source dataset and our collected sEMG 

dataset were used for validating the proposed CSNN based hand gesture recognition 

technique. According to the experimental results, the proposed technique achieves 

improvements for both training speed and state-of-the-art hand gesture recognition 

accuracy compared to previous work. 

Section 6.2 introduces the applied sEMG dataset with the essential sEMG processing. 

The detailed SSA procedure and FDM method are also presented in section 6.2 with 

examples. Section 6.3 indicates the proposed CSNN architecture, with the recognition 

accuracy comparation between our experiment results and some of the related previous 

research works. Section 6.4 includes the conclusion and discussion of the state-of-art 

CSNN based hand gesture recognition technique. 

6.2 Frequency Density Map (FDM) Generation 

With the cleaned sEMG signals and pre-identified common sensors shown in sections 

4.3 and 5.3, the frequency density map of each of the hand gestures for both datasets can 

be obtained.  
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First, the fast Fourier transform was applied to convert the sEMG signals from time 

domain to frequency domain together with the contained features. Then, the mean 

absolute value for each common channel selected from all 128 channels for a chosen 

hand gesture in the form of sEMG signals was calculated and formed into a graph with 

128 pixels. Each pixel represents one sensor channel. The common sensors’ pre-

calculated point values were then placed inside the graph according to the original 

location of their represented common sensors. For the rest of the points inside the graph, 

their point values were set to zeros. Each frequency map was resized before feeding it 

into the neural network. Some examples of the created frequency maps for our self-

collected sEMG signals are shown in figure 6.1. In total, 21760 frequency maps were 

obtained from our self-collected sEMG dataset, and 140 frequency maps were generated 

from the CapgMyo dataset. 

6.3 CSNN Architecture, Experimental Results and Comparation 

Comparison 

A designed convolutional spiking neural network was applied in this research to test 

the novel sEMG signals’ frequency-based hand gesture recognition approach. The 

applied CSNN shares a similar structure with the architecture introduced in section 5.3, 

with the same LIF coding neurons threshold settings and the same number of 

convolutional layer and pooling layer. 

The CSNN consists of six layers. The first layer, the input layer, is formed by a group 

of LIF neurons which converts input frequency maps into spiking images (each input 

 Figure 6.1: Frequency density maps for gestures: (a) palm up; (b) palm down; (c) tripod closed; (d) lateral; (e) 

point; (f) flexion; (g) extension; (h) close. 
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pixel blocks are represented by spikes). The second layer is a convolutional layer applied 

to perform the first convolutional operation with 32 kernels (size 3*3). The third, fourth 

and fifth layers are all convolutional layers followed by a pooling layer. The only 

difference between these three layers is that the third convolutional layer has 32 kernels 

(size 3*3), the fourth convolutional layer contains 64 kernels (size 3*3), and the fifth 

convolutional layer has 128 kernels (size 3*3). All the pooling layers share a similar 

construction (size 2, strides 2). The last layer of the CSNN is a fully connected layer 

(dense layer) which classifies the input hand gestures’ spike images. Figure 6.2 indicates 

the full CSNN structure (from left to right: input LIF coding layer, first convolutional 

layer, second convolutional and first pooling layer, third convolutional and second 

pooling layer, fourth convolutional and third pooling layer, dense layer). 

6.3.1 Experimental Results and Comparison 

Two experimental processes which comprise similar testing approaches were 

designed and executed on both Strathclyde dataset and the CapgMyo dataset as both 

datasets were obtained through similar methodologies and equipment.  

Each of the two datasets was split into a training part (contains 80% of the images for 

training the network) and a testing part (includes the rest 20% of the images for testing 

the network performance once the training process is completed). 

 

LIF 
coding 
layer 

Conv1 
32@3x3 

Conv2 
32@3x3 

pool1 
32@2x2 

Conv3 
64@3x3 

Conv4 
128@3x3 

Pool2 
64@2x2 

Pool3 
128@2x2 

FC 

Figure 6.2: Convolutional spiking neural network structure. 

 



125 
 

6.3.2 Experimental Results for Strathclyde Dataset 

The SSA and FDM methods were first applied on Strathclyde sEMG dataset. The 

training process lasts approximately 20 minutes in average. 

 Figures 6.3 and 6.4 indicate typical testing recognition results after the training. As 

shown in figure 6.3, the grayscale figure was the test image randomly chosen from the 

testing part (for this example, it is the gesture extension). The ledger and response 

diagram show the network recognition result. The numbers attached on the left side of 

the result image denotes the possibility of the gesture to which this test image could 

belong (in percentage). Each of the colour lines, with its corresponding number, 

represents a selected hand gesture from the dataset (blue line, No.0 represents gesture 

palm up; orange line, No.1 indicates gesture palm down; green line, No.2 represents 

gesture tripod closed; red line No.3 indicates gesture lateral; purple line No.4 represents 

gesture point; brown line No.5 indicates gesture flexion; pink line No.6 represents 

gesture extension and grey line No.7 indicates gesture close).  

The simulation time lasted 0.01s as shown in figure 6.3. At around 0.002s the CSNN 

started to classify the gestures as all the lines began to rise or fall. Until the end of the 

simulation, the pink line reached around 100% while all the other lines went down which 

indicates the network recognized that this test image belongs to the gesture extension. 

In figure 6.4, the input image represented gesture palm up, and the whole simulation 

time also lasted 0.01s. Comparing with the previous example, the network started to 

Figure 6.3: Convolutional spiking neural network 

classification result for the gesture extension. 

  

possibility 

Figure 6.4:  Convolutional spiking neural network 

classification result for the gesture palm up. 

  

possibility 
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recognize the test image at around 0.0022s. Moreover, unlike the previous example, 

some lines appeared to rise initially, for example, green line No.2. These two-

phenomenon showed that the network had some difficulty to decide this image’s 

category i.e., the input test image caused the network to become confused in classifying 

this class. However, as the simulation progressed, the blue line eventually achieved 100% 

output while the other lines went down. 

Figure 6.6: Confusion matrix for Strathclyde dataset via SSA and CSNN. 

 

Figure 6.5: Convolutional spiking neural network 

classification result for gesture extension. 

  

possibility 
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The image shown in figure 6.5 was another test image selected, and which represents 

the gesture extension. Though the curves of each line are different compared with the 

example shown in figure 6.3, the network still made the prediction that this image 

represents the gesture extension. 

In Strathclyde dataset, the spiking convolutional neural network reached 97.56% 

testing accuracy after 10 epochs of training process. The confusion matrix is shown in 

figure 6.6. 

6.3.3 Experimental Results for CapgMyo Dataset 

After finishing the experiments on our self-collected sEMG dataset, the CapgMyo 

dataset was introduced to the frequency map approach. Figure 6.7 and figure 6.8 present 

examples of some of the test results. 

In figure 6.7, the grayscale image also indicates the input test image (this time gesture 

fingers flexed) while the numbers shown on the ledger and the response diagram still 

representing the possibility range. The colour lines with numbers now represent a 

different set of  8 hand gestures (blue line, {0}, represents gesture thumb up; orange line, 

{1}, indicates gesture extension of index and middle, flexion of the others; green line, 

{2}, represents gesture flexion of ring and little finger, extension of the others; red line, 

{3}, indicates gesture thumb opposing; purple line, {4}, represents gesture abduction of 

all fingers; brown line, {5}, indicates gesture fingers flexed; pink line, {6}, represents 

Figure 6.7: Convolutional spiking neural network classification 

result for gesture fingers flexed. 

  

possibility 
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gesture pointing index and grey line, {7}, indicates gesture adduction of extended 

fingers). 

As it is clearly shown in figure 6.7, the simulation time setting was also 0.01s. 

However, the network classification process started at around 0.0018s which a bit earlier 

compared with the recognition process for the self-collected dataset. This faster reaction 

of the network indicates that the applied 8 hand gestures’ features from the CapgMyo 

dataset are easier to detect through the common sensors when compared to the previous 

dataset. The reason for this to happen might be the common sensors defined for 

CapgMyo contains more significant values than for our self-collected dataset. Thus, the 

network classifies them quicker. Furthermore, the brown line which is the right 

prediction from the network just reached the 50% possibility point when the simulation 

process stopped. The main reason for this is the limited number of spike images the 

training dataset, only 112 frequency maps. The small amount of the training images also 

caused the network to appear confused when facing some classification tasks. For 

example, presented in figure 6.8, all the lines dropped by the end of the simulation while 

the input test image represents the gesture abduction. The two related lines (green line 

and purple line) mean that the network found it hard to distinguish between gestures 

flexion extension and abduction for this test image. However, after 5 epochs training, the 

recognition accuracy for the CapgMyo dataset still achieved 93.85% accuracy based on 

our novel frequency map methodology. 

Figure 6.8:  Convolutional spiking neural network classification 

result for gesture abduction. 

  

possibility 
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Again, a confusion matrix is also generated, as shown in figure 6.9. 

6.3.4 Comparison and Discussion 

After finishing the experiments for both datasets, some previous research outputs were 

chosen for efficiency comparison of the new approach. A self-comparison was also 

included. The compared results are listed in table 6.1 and table 6.2.  

 Table 6.1 presents the self-comparison results. With SSA applied, the testing 

accuracy for both datasets increased about 2% which indicates the SSA method has the 

ability for further extracting features on frequency maps. Furthermore, the enhanced 

accuracy achieved through SSA, as compared to methods that rely on filtering and FFT, 

demonstrates its ability to precisely identify and eliminate noise while retaining valuable 

information during sEMG signal processing. When comparing with the previous 

common energy density based heatmap methodology, the new frequency approach 

shows around 1% accuracy decreasing on Strathclyde dataset and about 4% accuracy 

Figure 6.9: Confusion matrix for CapgMyo dataset via SSA and CSNN. 
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drop on CapgMyo dataset. However, only 10 training epochs are required for the 

frequency maps approach while 15 required for the heatmap methodology (based on self-

collected sEMG dataset) [250].  

Table 6.1: Testing results comparation between our own research works 

Dataset 
Pre-

processing 
Methodology Classifier 

Testing 

accuracy 

Strathclyde 

Filtering, 

SSA and 

FFT 

FDM CSNN 97.56% 

CapgMyo 

Filtering, 

SSA and 

FFT 

FDM CSNN 93.85% 

Strathclyde 
Filtering and 

FFT 
FDM CSNN 95.38% 

CapgMyo 
Filtering and 

FFT 
FDM CSNN 91.00% 

Strathclyde Filtering 
Common 

heatmaps 
CSNN 98.76% 

CapgMyo Filtering 
Common 

heatmaps 
CSNN 98.21% 

 

These testing losses might be caused by the feature differences of the sEMG signals 

between the frequency domain and time domain i.e., after conversion, some of the 
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apparent time domain features no longer exist while some tiny time domain interference 

becomes more noticeable for the network. Also, as a pre-set threshold is required when 

transfer normal images into spike images (mention in section 5.3), any lower value 

features would be ignored. Thus, the convolutional spiking neural network neglected part 

of the features. Because of these inevitable feature distortions, the LIF input layer can be 

further carefully adjusted to minimize their impact. 

The comparison of our frequency map approach with previous studies, including those 

utilizing transfer learning and multilinear singular value decomposition (MLSVD), is 

summarized in Table 6.2. Our frequency map method achieves the second-highest 

accuracy of 93.85% on the CapgMyo dataset, surpassed only by the 94.7 ± 3% accuracy 

attained by Zhipeng Yu et al. [261] through a transfer learning-based convolutional 

neural network (CNN) methodology, which benefited from a major voted post-

processing method during training. Kang Wang et al. [262] occupy the third spot with 

86.62 ± 5.68% accuracy, achieved using a Multi-Source Integration based transfer 

learning method. Zhipeng Yu et al. [261] also rank fourth with 78.7 ± 5% accuracy, 

through a different transfer learning approach. The discrepancy between these two-

transfer learning-based results arises from variations in training strategies. Sibasankar 

Padhy et al. [263] applying MLSVD, achieve the fifth-highest recognition accuracy of 

approximately 77.6%. MLSVD, akin to singular spectrum analysis (SSA), seeks to 

decompose high-order signals into lower-order components, facilitating efficient and 

meaningful analysis. While MLSVD shares similarities with our approach, the results in 

Table 6.2 demonstrate that our proposed frequency density map (FDM) methodologies 

outperform MLSVD. This performance gap could also be influenced by the classifiers 

used, as we applied a convolutional spiking neural network (CSNN) while Sibasankar 

Padhy et al. utilized support vector machines (SVM). 

Generally, the combination of proposed FDM methodology and CSNN overcomes 

most of the state of art methodologies. In addition, all the results shown in table 6.2 are 

obtained via CapgMyo dataset. 
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Table 6.2: Testing results comparation between previous hand gestures recognition methodologies 

Methodology Gesture number 
Participant 

number 
Results 

FDM 8 10 93.85% 

Multilinear 

singular value 

decomposition  

([263]) 

8 10 77.6% 

Transfer learning 

([261])  
3 10 78.7 ± 5% 

Transfer learning 

([261]) 
3 10 94.7 ± 3% 

CNN with spatial 

attention modules 

([259]) 

8 10 96.06% 

Multi-Source 

Integration based 

Transfer 

Learning ([262]) 

8 10 86.62 ± 5.68% 

 

 

 



133 
 

6.4 Conclusion 

Using sEMG signals for hand gesture recognition has been possible for many years. 

However, problems like time-delayed reactions and wrongly evaluated response had 

prevented further development of this technology. In this thesis, we have presented a 

novel sEMG frequency map model combined convolutional spiking neural network 

methodology to address such issues.  

The method has been evaluated on both our high-density Strathclyde dataset and the 

CapgMyo open-source dataset. Acquired hand gesture recognition performance has been 

compared with several proposed previous methods which use various machine learning 

and deep learning approaches. According to the comparison results, our new approach 

has been shown to be highly effective and leads to similar or even better results of over 

93% with very significant reduction in pre-processing and network training time. In total, 

the generation time of the frequency maps of all 23 subjects took 5 minutes (about 13 

seconds for each subject) and the network training process required another 5 minutes. 

Therefore, a potential use for real time applications could be achievable through the 

frequency map approach. Additionally, in real-time prosthesis control, faster processing 

is always advantageous, so even small reductions in computation time become 

significant [239][264][265]. Moreover, the use of the common sensors proves that high 

quality hand gesture recognition can be achieved through a limited number of sensors. 

Thus, the processing time of the real time operation system can be further minimized 

utilizing only commonly used sensors.  

In addition, the implementation of the SSA has demonstrated great potential in sEMG 

frequency domain feature extraction as it generated better results for the same dataset 

when applying on our convolutional spiking neuron network.  

The optimal algorithm choice for a practical application typically hinges on a range of 

factors, including hardware capabilities and the desired balance between precision and 

computational efficiency. Spiking Neural Networks (SNNs) offer distinct advantages in 

modelling biological neural processes, particularly when dealing with signals like sEMG. 

Because SNNs employ spikes rather than floating-point numbers for information storage, 

they often demand significantly fewer computational operations and less memory 
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compared to other neural network types. One potential drawback of using SNNs lies in 

the pre-processing step, involving the conversion of float values into spikes. 

However, as demonstrated in sections 6.3.2 and 6.3.3, our novel sEMG frequency map 

model effectively mitigates this concern. It notably reduces processing time while 

maintaining nearly identical classification results. Consequently, our methodology 

presented in this chapter holds the promise of enhancing current real-time hand 

prostheses. 

Moreover, an enhanced version of the SSA technique is available and detailed in 

Appendix I. However, owing to time constraints, this upgraded SSA technique remained 

unused in the scope of this research. The paper in Appendix I suggests that the improved 

SSA method features a considerably simplified calculation process. Consequently, there 

is the potential for further reduction in processing time if the improved SSA method is 

applied, all without compromising accuracy. As results in this chapter demonstrate that 

the SSA method effectively reduces processing time without any compromises in 

accuracy. 
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Chapter 7  

Conclusion and Future Work 

7.1 Conclusion  

This thesis presents several novel deep learning and signal processing algorithms 

which aim at addressing the sEMG based hand gesture recognition tasks for prosthetic 

system by using signals for both able bodied people and amputees. All the novel 

approaches were based on two different sEMG datasets, Strathclyde dataset and 

CapgMyo dataset. The performance of each dataset was evaluated and compared with 

some existing hand gesture recognition methodologies. The main focusing of this thesis 

is accomplishing procedures to surpass difficulties on hand gesture recognition through 

different deep learning and signal processing techniques. Additionally, the common 

active sEMG sensors for a certain gesture for the two types of participants are also 

identified in this thesis. These different techniques include the heatmap algorithm that 

transforms the raw sEMG signals into heatmaps and a VGG16 based proposed CNN 

structure. The common heatmap approach which reduces the required sEMG channels 

while retains the testing accuracy almost unchanged and a novel CSNN architecture. The 

FDM (frequency density map) technique that obtains sEMG signal features from 

frequency domain and a novel CSNN architecture. 

Chapter 2 of this thesis reviews the fundamentals of the sEMG technique, the reason 

why this technology was invented (section 2.2.1). These fundamentals contain methods 

which are designed to detect the sEMG signal (section 2.2.2), the methodologies that are 

commonly applied for sEMG signal processing (section 2.2.3) and several previous 

research works which used sEMG for the hand gesture recognition (section 2.2.4).  In 

addition, the introduction of the development history of the hand prosthetics are also 

included in this chapter (section 2.3), from the very simple designs to some up to data 

versions. Moreover, the hybrid technology, which combines sEMG techniques and hand 

prosthetics are described (section 2.4). Through these reviews, the understanding of basic 

concepts, together with primary collecting and processing methods of the sEMG signals 

are improved. Also, the understanding of the ways how the hand prosthetics operate, and 

their structures is deeply increased after this chapter. The applied dataset, Strathclyde 
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sEMG dataset for 13 amputees and 9 able bodied participants with the 128-channel 

acquisition device (section 2.5.1) and CapgMyo dataset for 23 able-bodied participants 

are also presented (section 2.5.2). After chapter 2, additionally, the drawbacks of the 

conventional sEMG based hand prosthetics such as defective classification results and 

unavoidable time delayed response were fully outlined, the importance of creating an AI 

prosthetic is clearly evident.   

 Chapter 3 provides another literature review about current popular deep learning 

techniques and artificial neural networks. Nowadays, researchers usually separate neural 

networks to three generations, the very first generation, ANN, is initially introduced. 

This part of the review helps to understand the components and operations that constitute 

the whole ANN network, such as neurons (section 3.2.1), multi-layer perceptron (section 

3.2.2), activation functions (section 3.2.3), loss function optimization (section 3.2.4) and 

back propagation (section 3.2.5). Though these components were designed when the AI 

concept was still at an early stage, they are still essential to all network generations. Then, 

each branch of the second-generation networks is presented separately. For the CNNs, 

its unique layers, convolutional layer and pooling layer (section 3.3.1 and section 3.3.2), 

together with the commonly used fully connected layer (section 3.3.3) are first 

introduced, followed by their training methods (section 3.3.4), which are given in section 

3.3. With the help of these CNN components, the available hand gesture recognition 

approach through figures is unlocked and could be implemented. In section 3.3.5, it is 

also demonstrated by, the CNNs applied previously in hand gesture recognition, that 

there are several difficulties for current deep learning-based hand gesture recognition 

applications for both accuracy and reaction time. Although not used in this thesis, the 

important materials of RNN like recurrent layer structure (section 3.4.1), network 

training method (section 3.4.2) and variations (section 3.4.3) are also reviewed, which 

gives a further understanding of the networks operation process and provides extra 

details about the layers and training process and led to an enhanced understanding of 

deep learning techniques. Finally, the third-generation network, SNN, is reviewed 

(section 3.5), including different training methods such as supervised learning (section 

3.8.2), unsupervised bio-inspired learning (section 3.8.3) and learning by ANN 

conventions (section 3.8.4). This part of the review reveals the great possibility of 

achieving sEMG based hand gesture recognition through SNNs due to the naturally 

characteristic of the sEMG signals, essentially, the sEMG signals are the reflections of 
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the electric signals that transfer inside bio-neurons, which are spikes. Moreover, the 

review of the SNN based hand gesture recognition (section 3.9) is also contained in this 

chapter. This discovery helps to understand that, in the case of the SNN based hand 

gesture recognition, there is not a wide attempt to use sEMG signals, neither the formed 

spike images. Since the properties for sEMG and spikes are so similar, designing a 

method that is the concatenating of these two techniques seems quite essential, possible 

and has a high chance of expending both industry (prosthetics) and artificial intelligent 

(research) fields. 

  In chapter 4, the detailed operation process on generating intersected heatmaps is 

presented (section 4.2). By converting the original signals to heatmaps, the signal 

strength level became more evident when compared with the format of the raw sEMG 

signal, which makes it more convenient to identify the active channels among the sensors. 

Further, according to the formed heatmaps, not all the 128 channels are active when 

performing a certain gesture. In fact, the major information is contained in only a few 

sensors. Thus, the intersection algorithm (table 4.1) is created to filter out sensors with 

significant values i.e., finding common channels for different gestures. With the designed 

improved CNN architecture (section 4.3), the hand gesture recognition accuracy reached 

98.96% through 35 sensors (figure 4.7). However, the diagram demonstrated in figure 

4.6 indicates that for a certain number of sensors (0-35), the recognition accuracy 

increases with the rising of the total applied amount of the sensors. Once above a certain 

threshold (35 sensors for current situation), the increasing tendency of the recognition 

result. Finally, the recognition results which obtained through intersected heatmap 

algorithm and novel CNN architecture are presented (section 4.3). The comparison 

between the existing hand gesture recognition methods and intersected heatmap-CNN 

approach shown in table 4.2 and 4.3 (section 4.4) denotes that the intersected heatmap 

algorithm outperforms most of the current sEMG based hand gesture recognition 

methods for classifying gestures performed by able-bodied people and amputees. 

Moreover, the classification errors occurred because of the unequally spread of the active 

sensors may be minimized through the use of the discovered common channels/sensors 

technique for the datasets we have. The common channels/sensors also reveal that the 

total amount of channels/sensors for hand gesture classification task can be further 

reduced as some of the sensors contribute more than one gesture, which is presented by 

the research work shown in chapters 5 and 6. 
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The identification of the common channels for the self-collected sEMG dataset 

presented in chapter 4 had inspired and helped to further develop the research work 

shown in chapter 5. The common channels/sensors denote the ability of achieving high 

quality recognition performance with reduced required sensor numbers.  The essential 

operation time for present sEMG based hand gesture recognition is quite large because 

it still requires lots of sensors to identify different gestures. In addition, current sEMG 

based hand gesture recognitions are mostly designed for individuals as the sEMG signals 

can be different for even the same gesture because of the differences of the muscle 

strength. Furthermore, according to the reviews in chapters 2 and 3, there were only a 

few hand gesture recognition research attempts involving amputees, nor to mention 

classification of hand gestures for amputees with different injury level. The common 

heatmap technique could be considered as the solution to all listed problems, as it is 

designed for finding common sensors for different subjects. Besides, the reduced sensor 

numbers also bring a large decrease of the necessary processing time, which gives the 

device equipped with this technique a considerable advantage when accomplishing real 

time tasks. According to the discovered common channels/sensors (table 5.1), the 

common heatmap algorithm is created (section 5.2). Through the proposed CSNN 

architecture (section 5.3), the hand gesture recognition achieves an average 98.4% 

recognition accuracy (table 5.3). comparing to the conventional deep learning networks, 

our CSNN architecture not only further minimize the required training time, but also 

reduces the parameters for training through using spike images generated by the LIF 

coding. Experiment results comparation (table 5.4) indicates that, the CSNN and 

common heatmap algorithm outperforms most of the former research works for both the 

processing time and recognition accuracy. However, as the prior results are not all 

obtained through time domain features (magnitude), some of them are acquired from 

frequency domain features. Thus, an experiment that aims at exploring the possibility of 

applying frequency domain features on hand gesture recognition is set up and eventually 

results in the creation of the research work shown in chapter 6, which combines the FDM 

with CSNN based hand gesture recognition. 

For chapters 4 and 5, it can be concluded that the heatmap algorithm is an efficient 

approach when dealing with sEMG based hand gesture recognition tasks. Through 

converting raw sEMG signals into figures, the information contained inside each 

channels/sensors could be presented in a clearer form. Moreover, it is possible to achieve 
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good recognition performance with a limited number of channels/sensors for both 

amputees and able-bodied people.  

Chapter 6 includes hand gesture classification works based on the frequency features 

of sEMG signals. As many review papers in chapters 2 and 3 mentioned, frequency-

based approaches such as wavelet transform can be applied for sEMG signals, even 

though the achieved recognition accuracy listed on these papers are not satisfactory. 

After comparing the obtained sEMG signal graphs for both frequency domain and time 

domain, the reason can be concluded as to why the noise has greater influence in the time 

domain which results in the covering of the features. Thus, the SSA (section 2.5.3) was 

used for advance denoising. According to the results presented in figure 2.15 and 2.16, 

the features in frequency domain are much more evident. With the SSA and FDM 

algorithm (section 6.2), the sEMG signal classification based on frequency domain 

features shows improved accuracy when comparing with previous works under the same 

conditions, which is proved by the results comparison in table 6.2 (section 6.3.4). In 

addition, table 6.2 also denotes that the common channels/gestures are valuable for both 

time domain and frequency domain. In other words, the features included in sEMG 

signals can be used by many domains and the gesture recognition can be achieved by 

either one of them. With an average 93% accuracy, the proposed CSNN (section 5.3) 

architecture requires much lower processing time. As the features are in spike forms, the 

total energy consumption of the whole recognition system is reduced. Thus, it is 

reasonable to consider its performance on real time applications while less energy and 

faster response time is required. In other words, the spike approach is applicable to real 

time application while conservation of power is always in demand. However, according 

to the comparison shown in table 6.1 (section 6.3.4), current performance of the hand 

gesture recognition which based on SSA-FDM algorithm is poorer than previous ones 

based on heatmaps and common heatmaps. Though, the losses (4.59%) might be 

considered tiny, it indicates that there is still potential to improve the sEMG frequency 

features-based hand gesture recognitions, both for signal processing and network 

architecture enhancement. The fast SSA included in appendix 1 might provide an answer. 

The results obtained for hand gesture recognition using data from both able-bodied 

people and amputees in this thesis denote that, efficient techniques with better 

recognition accuracies have been developed which requires less sEMG channels/sensors 
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for training, is suitable for both amputees and healthy people and reduces training time 

and effort. The unique and proposed methods are able to classify hand gestures based on 

features from time domain or frequency domain. These methods help to substantially 

reduce problems such as slow movement, electrical interference compromised reliability, 

defective classification results, time delayed responses, etc. for current hand gesture 

recognition and prosthetic field, which may bring the development of the sEMG based 

prosthetic to the next level. Furthermore, each of the pre-processing methods is applied 

individually. In cases where power consumption has exceptionally stringent 

requirements, it may be advisable to leverage the SNN-based methodologies. 

Nevertheless, this doesn't preclude their complementary use. For instance, features 

extracted from conventional heatmaps, and frequency density maps can be combined 

within a single network for classification purposes. However, there remain additional 

avenues for enhancing the methodologies outlined in this thesis, which are discussed in 

the following section.  

In general, the pre-processing techniques and the Spiking Neural Network (SNN) used 

in the sEMG-based hand recognition system presented in this thesis offer advantages 

over conventional neural network-based sEMG hand prostheses in several key aspects: 

Firstly, the system closely emulates the processing found in biological systems, 

making it well-suited for applications where replicating human neural behaviour is of 

paramount importance. 

Secondly, the system excels in managing temporal data, making it an ideal choice for 

tasks that involve real-time or time-series data. 

Thirdly, the system has the potential to achieve efficient processing with reduced 

computational demands, which can be highly advantageous. 

Fourthly, thanks to the event-driven nature of SNNs and reduced sensor input 

requirements, the system can be more energy-efficient. This may lead to extended battery 

life in portable devices. 
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These advantages collectively position the system as a promising and innovative 

solution for sEMG-based hand recognition, offering enhanced performance and 

efficiency over traditional neural network-based approaches. 

7.2 Future Work 

There are many addition aspects of the works presented in this thesis that can be 

further explored and achieved: 

⚫ For chapters 4, 5 and 6, the features contained inside sEMG signals are 

transformed to maps and they produced high accuracy. It is reasonable to assume 

that applying the raw sEMG signals directly could achieve the same result since 

that the features are inherent in the signals. Besides, the raw sEMG signals can be 

considered as spikes, which naturally match the SNN architecture. Thus, 

designing an sEMG based hand gesture recognition algorithm which avoids the 

transformation of the raw signal could be possible.  

⚫ For the works presented in chapter 4, the common sensors identification result 

indicated that some of the common sensors are active for multiple gestures. Which, 

in other words, means there is still possibility for these sensors to cause 

classification errors. By designing a proposed algorithm which removes these 

multi-active sensors, the performance of the recognition accuracy could be further 

improved or maintained at the same scale with fewer inputs. Additionally, the 

training time and efforts for the whole system is also reduced as the input 

parameters are decreased. 

⚫ In chapter 6, the performance of the frequency domain features of the sEMG 

signals are evaluated. Considering that the previous excellent recognition results 

obtained based on time domain features, an algorithm which combines features 

from both two domains might produce a vital boost of the network performance. 

This can be an algorithm which separate into two parts with each of them handle 

one domain features and forms all the features in one map/figure in the end.  

⚫ The research works presented in chapters 4, 5 and 6 require the pre-processing of 

the raw signals, e.g., use of filters. Based on the author’s knowledge, it is possible 

to embed these filters into one neural network which provides a similar effect 

[266][267]. Compared to conventional filters, these filter networks show an 
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improved performance as their dynamic parameters allow them to change their 

behaviours to best match the type of signal that is being filtered.   Furthermore, 

the network architectures shown in these three chapters can be further optimized 

through approaches such as: replacing the activation functions, using different LIF 

coding methods, changing the size of the kernels for convolution operation, etc. 

These would further reduce the training time and effort without affecting network 

performance. 

⚫ The work presented in chapter 4 hold the potential for real-time implementation 

on platforms like Raspberry Pi [268] to drives the hand prosthetic. Each of the 

works in chapters 5 and 6 can potentially be implemented in real time on a 

neuromorphic chip also to drives the hand prosthetic. Such a real-time system was 

not available for this research due to time limitations.   
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Appendix A 

Novel Two-Dimensional Singular Spectrum Analysis (FSSA) 

The difference between the SSA and FSSA is the SVD process. The FSSA is based 

on the common embedding process applied to each pixel before the SVD, which are 

similar transformation matrices. In other words, a single common matrix can be applied 

for the all the pixels when doing SVD in FSSA. Besides, this unique transformation 

matrix is based on a special SVD which can be used on a  representative signal from the 

whole data set to be transformed [101]. 

Appendix B 

Python code for proposed CNN. 

 

 

 

################################################ 

# Libraries 

################################################ 

 

from __future__ import division, absolute_import 

import numpy as np 

import tflearn 

import matplotlib.pyplot as plt 

import matplotlib.image as mpimg 

from tflearn.layers.core import input_data, dropout, fully_connected 

from tflearn.layers.conv import conv_2d, max_pool_2d 

from tflearn.layers.estimator import regression 

#from keras.models import Sequential 

import glob 

 

seed = 7 

np.random.seed(seed) 

 

SAVE_DIRECTORY = "D:/project/spectrogram/model" 

SAVE_MODEL_FILENAME = '/gesture_recognition_model.tfl' 

################################################ 

# Loading the training data 

################################################ 

 

images=np.load('gesture_spectrogram_data.npy') 

 

labels=np.load('gesture_label_data.npy') 

 

 

num_example=images.shape[0] 
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ratio=0.8 

 

s=np.int(num_example*ratio) 

 

 

images=images.reshape([-1, 64, 64, 1]) 

 

 

label=labels.reshape([-1, 8]) 

 

 

################################################ 

# CNN architecture 

################################################ 

 

class DNN_gesture_recogniton: 

 

  def Convnet(self): 

 

    print('[+] Building CNN') 

    self.network = input_data(shape = [None, 64, 64, 1])  

    self.network = conv_2d(self.network, 32, 3, activation = 'relu') 

    self.network = conv_2d(self.network, 32, 3, activation = 'relu')  

    self.network = conv_2d(self.network, 32, 3, activation = 'relu')  

     

    self.network = max_pool_2d(self.network, 2, strides = 2)           

     

    self.network = conv_2d(self.network, 64, 3, activation = 'relu') 

    self.network = conv_2d(self.network, 64, 3, activation = 'relu') 

    self.network = conv_2d(self.network, 64, 3, activation = 'relu') 

 

    self.network = max_pool_2d(self.network, 2, strides = 2) 

     

    self.network = conv_2d(self.network, 64, 3, activation = 'relu') 

    self.network = conv_2d(self.network, 64, 3, activation = 'relu') 

    self.network = conv_2d(self.network, 64, 3, activation = 'relu') 

 

    self.network = max_pool_2d(self.network, 2, strides = 2) 

     

     

    self.network = fully_connected(self.network, 512, activation = 'relu') 

    self.network = dropout(self.network, 0.5)                              

    self.network = fully_connected(self.network, 512, activation = 'relu') 

    self.network = dropout(self.network, 0.5) 

    self.network = fully_connected(self.network, 128, activation = 'relu') 

    self.network = dropout(self.network, 0.5) 

     

    self.network = fully_connected(self.network, 8, activation = 'softmax')  

    self.network = regression(self.network,optimizer = 'adam',loss = 

'categorical_crossentropy',learning_rate=0.001) # Gradient descent 

optimizer and loss function 

    self.model = tflearn.DNN(self.network,checkpoint_path 

='D:/project/spectrogram/chekpoint/gesture_recognition_model.tfl' , 

max_checkpoints = 1,tensorboard_verbose = 2) 

     

    #self.Load_Model() 

 

 

#########################   Training parameters   

############################# 
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  def Training(self): 

    X_train=images[:s] 

    X_test=images[s:] 

    y_train=labels[:s]    

    y_test=labels[s:] 

    self.Convnet() 

    

    # Training 

    print('[+] Training network') 

    self.model.fit( 

      X_train,  y_train, 

      validation_set = (X_test, y_test), 

      n_epoch = 10,  # One epoch stands for one forward pass and one 

backward pass of all the training examples. It is the number of times the 

algorithm sees the entire data set.  

      batch_size = 32, # The Batch size is the number of training samples 

your training will use (in one forward and one backward pass) in order to 

make one update to the model parameters. 

      shuffle = True, 

      show_metric = True, 

      snapshot_step = 200, 

      snapshot_epoch = True, 

      run_id = 'gesture_recognition' 

    ) 

     

#########################      Predict image     

############################# 

     

  def Prediction(self, image): 

    if image is None: 

      return None 

    image = image.reshape([-1, 64, 64, 1]) 

    return self.model.predict(image) 

 

#########################        Save model      

############################# 

 

  def Save_Model(self): 

    

self.model.save('D:/project/spectrogram/model/together/gesture_recognition_

model.tfl') 

    print('[+] Model trained and saved at ' + SAVE_MODEL_FILENAME) 

 

#########################  Load pretrained model 

############################# 

 

  def Load_Model(self): 

    self.model.load('D:/project/spectrogram/model/together/35 

98.96%/gesture_recognition_model.tfl') 

 

################################################ 

# Running scripts on the terminal 

################################################ 

network = DNN_gesture_recogniton()   

network.Training() 

network.Save_Model() 

#network.Load_Model() 

 

test = [] 

for img_path in glob.glob('D:/project/spectrogram/123/35_all/test/*.jpg'): 

    test.append(mpimg.imread(img_path)) 
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#for i in range(len(test)): 

#result = network.Prediction(test[3]) 

#print("Prediction: %s" % str(result[0])) 

Appendix C 

Python code for proposed CSNN 

# -*- coding: utf-8 -*- 

""" 

Created on Sun Jan 17 16:15:42 2021 

 

@author: 慧轩真厉害 

""" 

 

import nengo 

import tensorflow as tf 

import numpy as np 

import matplotlib.pyplot as plt 

import nengo_dl 

##load data 

image=np.load('gesture_spectrogram_data.npy') 

label=np.load('gesture_label_data.npy') 

label = label.astype(np.int64) 

num_example=image.shape[0] 

ratio=0.8 

s=np.int(num_example*ratio) 

 

#img = np.zeros((4096,461040)) 

#img = np.zeros((4096,2720)) 

img = np.zeros((4096,38394)) 

#img = np.zeros((4096,952)) 

#for i in range(461040): 

#for i in range(2720): 

#for i in range(952):    

for i in range(38394):  

    [width,height]=[image.shape[1],image.shape[2]] 

    b = image[i].reshape(width*height); 

    im = img[:,i] 

    img[:,i] = np.add(im,b) 

     

data_img = np.transpose(img)   

 

train_images = [data_img[:s]] 

train_labels = [label[:s]] 

test_images = [data_img[s:]] 

test_labels = [label[s:]] 

with nengo.Network(seed=0) as net: 

    # set some default parameters for the neurons that will make 

    # the training progress more smoothly 

    net.config[nengo.Ensemble].max_rates = nengo.dists.Choice([100]) 

    net.config[nengo.Ensemble].intercepts = nengo.dists.Choice([0]) 

    net.config[nengo.Connection].synapse = None 
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    neuron_type = nengo.LIF(amplitude=0.01) 

 

    # this is an optimization to improve the training speed, 

    # since we won't require stateful behaviour in this example 

    nengo_dl.configure_settings(stateful=False) 

 

    # the input node that will be used to feed in input images 

    inp = nengo.Node(np.zeros(28 * 28)) 

 

    # add the first convolutional layer 

    x = nengo_dl.Layer(tf.keras.layers.Conv2D(filters=32, kernel_size=3))( 

        inp, shape_in=(28, 28, 1) 

    ) 

    x = nengo_dl.Layer(neuron_type)(x) 

 

    # add the second convolutional layer 

    x = nengo_dl.Layer(tf.keras.layers.Conv2D(filters=64, strides=2, 

kernel_size=3))( 

        x, shape_in=(26, 26, 32) 

    ) 

    x = nengo_dl.Layer(neuron_type)(x) 

 

    # add the third convolutional layer 

    x = nengo_dl.Layer(tf.keras.layers.Conv2D(filters=128, strides=2, 

kernel_size=3))( 

        x, shape_in=(12, 12, 64) 

    ) 

    x = nengo_dl.Layer(neuron_type)(x) 

 

    # x = nengo_dl.Layer(tf.keras.layers.Conv2D(filters=256, strides=2, 

kernel_size=3))( 

    #     x, shape_in=(12, 12, 128) 

    # ) 

    # x = nengo_dl.Layer(neuron_type)(x) 

    # linear readout 

    out = nengo_dl.Layer(tf.keras.layers.Dense(units=8))(x) 

 

    # we'll create two different output probes, one with a filter 

    # (for when we're simulating the network over time and 

    # accumulating spikes), and one without (for when we're 

    # training the network using a rate-based approximation) 

    out_p = nengo.Probe(out, label="out_p") 

    out_p_filt = nengo.Probe(out, synapse=0.1, label="out_p_filt") 

 

minibatch_size = 200 

sim = nengo_dl.Simulator(net, minibatch_size=minibatch_size) 

 

# add single timestep to training data 

train_images = train_images[:, None, :] 

train_labels = train_labels[:, None, None] 

 

# when testing our network with spiking neurons we will need to run it 

# over time, so we repeat the input/target data for a number of 

# timesteps. 

n_steps = 30 

test_images = np.tile(test_images[:, None, :], (1, n_steps, 1)) 

test_labels = np.tile(test_labels[:, None, None], (1, n_steps, 1)) 

 

def classification_accuracy(y_true, y_pred): 

    return tf.metrics.sparse_categorical_accuracy(y_true[:, -1], y_pred[:, 

-1]) 
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# note that we use `out_p_filt` when testing (to reduce the spike noise) 

sim.compile(loss={out_p_filt: classification_accuracy}) 

print( 

    "Accuracy before training:", 

    sim.evaluate(test_images, {out_p_filt: test_labels}, 

verbose=0)["loss"], 

) 

 

do_training = True 

if do_training: 

    # run training 

    sim.compile( 

        optimizer=tf.optimizers.RMSprop(0.001), 

        loss={out_p: 

tf.losses.SparseCategoricalCrossentropy(from_logits=True)}, 

    ) 

    sim.fit(train_images, {out_p: train_labels}, epochs=10) 

 

    # save the parameters to file 

    sim.save_params("./gestures_params") 

 

sim.compile(loss={out_p_filt: classification_accuracy}) 

print( 

    "Accuracy after training:", 

    sim.evaluate(test_images, {out_p_filt: test_labels}, 

verbose=0)["loss"], 

) 

 

data = sim.predict(test_images[:minibatch_size]) 

 

for i in range(5): 

    plt.figure(figsize=(8, 4)) 

    plt.subplot(1, 2, 1) 

    plt.imshow(test_images[i, 0].reshape((28, 28)), cmap="gray") 

    plt.axis("off") 

 

    plt.subplot(1, 2, 2) 

    plt.plot(tf.nn.softmax(data[out_p_filt][i])) 

    plt.legend([str(i) for i in range(10)], loc="upper left") 

    plt.xlabel("timesteps") 

    plt.ylabel("probability") 

    plt.tight_layout() 

     

sim.close() 
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