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PREFACE 

Maintaining physical health is of utmost priority. Exercises keep human body fit and fine. So 

doing some physical exercises is very good for maintaining for physical health. There are 

many people who lift weights or dumbbells of different kilograms on a daily purpose for 

maintaining their physical fitness. As these dumbbells are of various weights, the person must 

apply different force for lifting different weights, that is, for lifting a weight of 1 kilogram the 

force applied will be different than when the person is lifting a weight of 5 kilogram. Brain is 

the main functional unit of the human body which controls the activities of various systems 

including the muscular system. So, there is a connection between brain and muscles. But 

what are the actual changes occurring in the muscles and simultaneously in the associated 

center of brain is the source of this work. For estimating the above-mentioned changes, 

feature extraction of EEG and EMG data are required. EMG and EEG data are non-stationary 

and transient, so, feature extraction is difficult process. For analyzing the changes of muscles 

and brain, frequency and time domain analysis of EMG and EEG signals under varying load 

condition is performed.  

Chapter 1 starts with brief introduction which is helpful to understand about upcoming work 

motivation. 

Chapter 2 presents work motivation as well as objective of this work. 

Chapter 3 presents basic theory and knowledge which is helpful in making the working 

protocol of this experiment. This chapter starts with biomedical signal then cover brief idea 

about action potential, brain anatomy for EEG electrode placing, hand muscles anatomy for 

sEMG electrode placing, idea about EEG machine and acquisition techniques, idea about 

EMG machine and acquisition techniques and more. 

Chapter 4 basically presents review of literature which is helping to leading to thesis. It starts 

from history of neuron which is the source of bio-signal generation followed by all previous 

research which are related to this work. 

Chapter 5 consists of existing working methodology with designed protocol. This chapter 

basically covers EEG signal and sEMG signal acquisition processes. In denoising part 

wavelet transform has been used. Determination of power spectral density for both signals, 

and band power of both the signal have been calculated. For nonlinear studies fractal 



 
 

dimension by Higuchi’s algorithm have been used. And at last, correlation of both the signals 

has been performed. 

Chapter 6 contains results of this experiment and shows pattern which is helpful for future 

research.   

The discussion chapter presents the observed results from the preceding chapter, which are 

analyzed, and conclusions reached. 
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CHAPTER 1 

INTRODUCTION 

Every physical activity in our body, be it voluntary or involuntary requires precise 

coordination between brain and muscles. While performing any voluntary activity, signals 

from brain is received by the muscles for which it contracts, and the activity is completed. 

Hence, when a person decides to perform a physical activity, a complex chain of processes 

occur inside the body including the brain. At every stage of this process, in the cells, action 

potentials (AP) are produced.  These AP are transmitted through nerves to the other parts of 

the body, specially to different muscles which then coordinate together to perform the 

physical activity. 

Suppose a person wants to stand up. For doing this activity, brain will generate AP which will 

stimulate the muscles in the locomotory parts of the body. Similarly, for performing every 

physical activity like walking, running, lifting objects, etc. brain stimulates different muscles 

of the respective regions to act in a coordinated manner. For this, the micro currents flow 

from the brain to the muscles. The bioelectric signal generated in the brain is known as the 

EEG signals which are picked up by scalp electrodes. The micro currents or AP generated in 

the muscles are known as the EMG signals which are picked up by surface electrodes. These 

bioelectric signals can then be studied to understand the working of brain and muscles while 

the physical activity is being performed. This is of particular interest, in the field of bio-signal 

analysis, as it gives an insight into the complex working of cells, nerves and muscles present 

inside the human body. 
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CHAPTER 2 

MOTIVATION AND OBJECTIVE 

EMG (Electromyography) and EEG (Electroencephalogram) signal analysis are performed 

for both clinical diagnosis and biological applications. EEG investigations are used to 

diagnose epilepsy, seizures, sleep disorders, brain tumors, and other conditions. EMG 

investigations are used to diagnose the fitness and functionality of the muscles. As there is a 

communication between the brain and spinal cord, so, the contraction of the muscles is 

possible. These muscle contractions help the human body in movement of different body 

parts and in locomotion. So, it is very much clear that for performing any kind of body 

activity there is a coordination between the brain and muscles. At present the biomedical 

industry is growing faster, and lots of prosthetic implementation are performed. The 

prosthetic hand and leg devices are artificial in nature. But when connected to the human 

body, they perform in a similar manner just as the original human hand or leg. Thus, it is 

clear that the signals from the brain and muscles reach the artificial limbs.  

The main motivation for this thesis is to see the changes in brain dynamics and muscles 

dynamics when a person lifts various weights. In this study, EEG and EMG data of some 

subjects have been collected. A protocol is designed based on various weightlifting in which 

these data are utilized. For performing this experiment, a basic understanding of the working 

of nerves, brain, and muscles along with the methodologies involved in the analysis of bio-

signals is required.  

The primary objective of this study was finding out the changes in the brain and muscles 

dynamics. For this, frequency domain analysis was performed by evaluating the power 

spectral density. The band power of the muscles and the band power of EEG signals were 

evaluated. Fractal dimension analysis was done as both the physiological signals, EEG and 

EMG are nonlinear. With the help of this nonlinear analysis the change in the pattern of the 

EEG and EMG signals was observed with varying weights. Further, for statistical analysis, 

the correlation established between brain waves and muscle impulses was observed.  
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CHAPTER 3 

THEORY AND BASIC KNOWLEDGE 

3.1. Biomedical signal: 

Any signal that can be continuously detected and monitored in living organisms is referred to 

as a "Biomedical signal or Biological signal". A biological signal might be electrical or 

nonelectrical. Electrical bio-signals, or bioelectrical time signals, are the result of an applied 

potential differential across a particular tissue, organ, or cell system, such as the nervous 

system [1]. EEG, EMG, ECG, EOG, and GSR are all well-known bioelectrical signals. Using 

a differential amplifier, which monitors the difference in voltage between two electrodes 

pressed against the skin, EEG and EMG data may be collected [2].  

3.2. Working of neurons for generating bioelectric signal: 

The working of neurons should be understood prior to acquisition of EEG and EMG signals. 

Neurons communicate with each other via electrical signals [3]. The electrical signal is 

generated due to some chemical reaction. The term "ions" refers to substances in the body 

that carry an electrical charge. Positively charged ions like sodium, potassium, calcium, and 

chloride play a crucial role in the neurological system [4]. Some protein molecules have a 

negative charge. The membrane that encircles nerve cells allows certain ions to pass, while 

preventing others. Such membranes are called semi-permeable membranes.  

Now a better understanding of the resting potential and the action potential is discussed [5]. 

"At rest" refers to the state of a neuron when it is not firing. During rest, the inner of a neuron 

is negative compared to the exterior of the neuron, and vice versa. Although the 

concentrations of various kinds of ions try to equalize on both sides of membranes still it is 

not possible due to the cell membrane's restriction of the passage of certain kinds of 

molecules via channels (ion channels). While the membrane is not in use, (K+) ions may 

easily travel through it. It's more difficult for sodium ions (Na+) to pass through chloride ions 

(Cl-) if the cell is in a relaxed state. Negatively charged proteins cannot cross the membrane. 

With every two (K+) ions it takes in, the channel pumps three (Na+) out of the neuron. 

Resting potential is determined once all these pressures have been equalized and when the 

voltage difference between both the neuron's interior and exterior is measured. In a neuron's 
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Fig.3.2 Inside and Outside of cell 

chemical reaction [7]. 

membrane potential, there are approximately 70 mV (mV = millivolt) of difference between 

the interior and exterior. There are more sodium ions outside of the cell than (K+) ions inside 

of it, as seen in the graph below (Fig 1.2). 

 

 

 

 

 

 

Fig.3.1 Voltage versus time curve for action potential [6] 

 

A spike or an impulse is a term used by neuroscientists to describe action potentials. Neurons 

create action potentials when depolarizing currents flow through them [8]. At a specific 

voltage, a human's resting potential is at its lowest level. For neuronal depolarization to be 

functional, it must be lower than the threshold value which is -55 mV. This threshold value 

must be crossed for the cell to create an action potential [9]. When the minimum threshold is 

attained, individual neurons will always fire an action potential, this is true for all action 

potentials. Consequently, the "ALL OR NONE" principle states that a neuron must fire a full 

action potential to pass the threshold. 

 

Fig.3.3 Working function of sodium and potassium channel [10]. 
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When ions enter and leave the neuronal membrane, they cause an action potential, which is a 

transient burst of electrical activity. An external stimulus opens sodium channels because 

there are considerably more sodium ions outside than within the cell, so, they rush in [11]. 

Because sodium has a positive charge, these neurons become very positive and depolarized 

[12]. A surge of potassium causes the depolarization to be reversed [13]. This is the point at 

which sodium ions begin to shut down. It drops to -70 mV (millivolts) in the action potential 

(repolarization). Due to excessive open time of the potassium channels, the action potential is 

greater than 70 mV (hyperpolarization). The ion concentrations eventually revert to baseline, 

as well as the cell potential drops to -70 mV. 

3.3.  Bio-signal processing: 

Physiological processes, chemical mechanisms and responses that occur in the human body 

when it is not performing optimally are explained by bio-medical signal processing. It 

includes simulating signals of interest, analyzing them, and comparing them to regular signals 

to better understand physiological systems. 

The picture below depicts the stages involved in bio-medical signal processing: 

Fig.3.4 Picture shows that biomedical signal processing 

 

There is basic four steps to follow bio-signal processing: 
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 It starts from acquiring of signal. 

 Amplification and conversion of the signals. 

 Examining the signal's important components. 

 Analyzing the signal. 

3.4. Electroencephalography (EEG): 

Electroencephalography (EEG) is a technique for examining the electrical activity of neurons 

in the brain [14]. The EEG recordings are classified as scalp EEG, electrocorticography, or 

depth EEG. The EEG interpretation depends on the correct recording process [15]. A vast 

number of channels have been added to EEG machines during the previous 60 years, 

replacing vacuum tube amplifiers, paper recording, and computer storage. However, despite 

of its long history, numerical EEG analysis and brain mapping are still not routinely used in 

therapeutic settings. An EEG machine schematic is given in Fig.1.5 

 

Fig.3.5 Schematic diagram for EEG machine [16] 
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3.5. About brain:  

All our actions are coordinated by the brain. Its role is to receive, process, and reply to 

communications. We can think, learn, move, breathe, talk, express our emotions, and regulate 

most of our physical processes due to the brain's amazing capabilities. 

3.6. Brain structure: 

In case of brain structure there are two types of tissue like gray matter and white matter. 

Dendrites and cell bodies comprise the bulk of grey matter. Its function is to analyze and 

interpret data. On the surface of the brain, there is a large amount of grey matter. In the brain, 

there is a layer of white matter that is present underneath the grey. White matter consists of 

the long cell fibers of brain which transmit and receive information between the grey and 

white matter. Grey and white matter interact together to enable a man to do his everyday 

tasks. 

Now coming to next part of human brain which is the brain lobe. The placement of EEG 

electrodes are done after selection of a particular brain lobe. 

Basically, there are four lobes in human brain which are Frontal lobe (F), Temporal lobe (T), 

Parietal lobe (P), Occipital lobe (O). Along with these lobes, other lobes are also present 

which are Frontopolar (Fp), Central (C). 

 

 

 

 

 

 

Fig.3.6 Simple human brain anatomy [17]. 

In previously section, it is seen that lobes are the four sections of the brain that make up one 

half of the brain. 
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3.6.1. Frontal lobe (F):  

Basically, Frontal lobe is located at front part of the human brain. Executive functions are 

regulated by the frontal lobes. The ability to solve issues, plan, make choices, and manage 

one's behavior all rely on these talents. In this way, the frontal lobes are like the director of an 

orchestra, ensuring that every instrument plays in perfect unison. 

3.6.2 Temporal lobe (T): 

Temporal lobe is basically located on the side of human brain just above human ears. One of 

its major functions is to help in interpreting and comprehending sounds such as melodic and 

speech. Emotional control and facial recognition are two other functions of this lobe. The 

Hippocampus, a structure in the temporal lobe, is crucial for memorizing. 

3.6.3. Parietal lobe (P): 

This lobe is basically located above the temporal lobe and behind the frontal lobe. For 

example, they help us discern whether an item is smooth or sharp, hard, or soft, or something 

in between. 

3.6.4 Occipital lobe (O): 

It's found in the rear portion of the brain, in the Occipital Lobes. They play a vital function in 

vision because they help us make sense of what we see. Known as visual perception, this is 

how the brain processes visual information. 

The Central sulcus (C) is a critical part of the cerebral cortex's anatomical map. Motor and 

sensory control are controlled by structures located nearby in the pre- and post-central gyri. 

That’s why the central lobe is used in this experiment. 

3.7. Different types of EEG waves: 

The electroencephalogram (EEG) of a brain shows complicated nonlinear dynamic behavior 

[18]. In an EEG device, the electrodes record electrical activity represented in a variety of 

EEG frequency bands. The raw EEG data may be classified as discrete waves with various 

frequencies using a method called the Fast Fourier Transform (FFT). Electrical oscillations 

are recorded in cycles per second (Hz), and one Hz equals one cycle per second in frequency 

measurement. There are four basic kinds of brainwaves: Beta, Alpha, Theta, and Delta; they 

are all classed by frequency. 
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The functions linked with the four primary brain frequencies are discussed in the following 

paragraphs. These functions are just linked with distinct brain frequencies there is no direct 

linear relationship between a frequency range and a specific brain function [19]. 

3.7.1. Beta wave (13-30hz): 

Being aware or awake, attentive, and alert is the most common state linked with beta waves. 

A busy or agitated state of mind relates to low-amplitude beta waves. Besides this, beta 

waves are associated with the process of motor decision-making [20]. EEG beta waves are 

often called to when they are measured with an EEG instrument. 

 

Fig.3.7 Figure of beta band pattern [21]. 

3.7.2. Alpha wave (8-12 Hz): 

The relaxation, calm, and clear state of mind associated with alpha waves is well-known. The 

brain's occipital and posterior regions create alpha waves [22]. While it is possible to create 

alpha waves by shutting your eyes and relaxing, these waves are absent during cognitive 

tasks such as thinking and problem solving. Adults often experience alpha wave frequencies 

ranging from 9 to 11 Hz [23]. EEG alpha waves are often called to when they are measured 

with an EEG instrument. 

Fig.3.8 Figure of alpha band pattern [24] 
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3.7.3. Theta wave (4-8 Hz): 

Theta activity is characterized as brain activity between 4 and 7 Hz [25]. While 

hyperventilation may lead to theta rhythm, it is more prevalent in young individuals, 

particularly in the temporal regions [26]. Theta activity larger than 30 mV is less prevalent in 

the elderly, even during slumber. These are known as EEG theta activity are recorded by an 

EEG instrument. 

 

 

 

 

Fig.3.9 Figure of theta band pattern [27]. 

3.7.4. Delta wave (less than 4 Hz): 

Delta activity is most common among babies. With ageing comes deep rest and delta waves. 

We've seen delta waves in absence seizures, which cause momentary attention lapses. Waves 

that have a high amplitude and a low frequency are called delta waves [28]. Eye-opening and 

hyperventilation may enhance delta rhythms, which are present throughout waking hours. 

These are known as EEG delta waves when measured using an EEG instrument. 

 

Fig.3.10 Figure of delta band pattern [29]. 

3.8. International 10-20 system: 

The 10/20 method has made it commonplace to install scalp electrodes for a conventional 

EEG recording. The 10/20 range across Nasion-Inion and always for serves as the basis for 

this system's calculations. We designate the Fp, C, Parietal, O, and T as the frontal, central, 
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parietal, and temporal poles (T). In the middle of the electrodes, you'll see a subscript z, 

which is short for zero. Even numbers are employed as subscripts in the right hemisphere, 

whereas odd numbers are utilized in the left hemisphere [30]. 

 

 

 

 

 

 

Fig.3.11 This figure shows that scalp electrode placement according to international 10/20 

system (Side view) [31] 

 

 

 

 

 

 

Fig.3.12 This figure shows that top view of international 10/20 system electrode placement 

[32]. 

3.9. Montages: 

A bipolar or a referential montage may be used to observe an EEG's activity [33]. A reference 

electrode is included in each of the two electrodes that make up a bipolar channel [34]. In a 

referential montage, a single reference electrode is shared by all channels [35]. When taken 

directly from the scalp, an adult human EEG signal has an amplitude of 10 µV to 100 µV. 

Reading encephalographs have numerous options when it comes to setting up the display of 



12 
 

EEG voltages for the purposes of reading the EEG. A montage is a visual depiction of EEG 

channels. 

3.9.1. Referential Montage: 

The voltage difference between two electrodes may be seen in each of the channels[36]. 

Despite the fact that the "recording" electrodes aren't exactly in the same area as this 

reference electrode, it's near enough. Because midline placements do not enhance the signal 

in one hemisphere over the other, they are often employed online. 

 

 

 

 

 

Fig.3.13 Sample image for referential montage [37] 

Advantage of referential montage: 

This reference montage helps record widely scattered potentials. 

It also depicts the future change's shape. 

Disadvantage of referential montage: 

Using this montage makes finding an innocuous reference electrode challenging. As a result, 

all EEGs should be calibrated to the same standard [38]. 

Also, the reference electrode's potential may be so high that it affects every channel. 

3.9.2. Bipolar montage: 

The "double banana" bipolar montage, also known as the "bipolar longitudinal pattern," is a 

popular one. The parasagittal and temporal regions are covered bilaterally by a display with 

neighboring electrodes connected anterior to posterior in two lines. 
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Fig.3.14 Sample image for bipolar montage [39] 

Electrodes on each side of a bipolar transverse montage are linked together in a chain that 

goes from left to right. Each electrode is connected to a single reference point in a monopolar 

or referential montage. Conductive paste-coated disc electrodes are placed on the scalp of the 

subject (EEG). 

 

 

 

Fig.3.15 Scalp surface disk type electrode [40]. 

3.10. Artifacts: 

Artifact detection and eradication is the most difficult part of EEG monitoring. It's important 

to distinguish between artefacts that are patient-related [41] (e.g., movement, perspiration, 

ECG, eye movements) and those that are technical (e.g., cable movements, electrode paste-

related). Finding the artefacts may be aided by several different methods. For example, a 

polluted signal may be detected using FEMG and impedance measurements. Other forms of 

interference may be discovered by examining various display settings. 

Electrical signals are not discriminated by the electrodes used during EEG recordings. Extra-

physiologic and physiologic artefacts are the two types of artefacts that may be found in 

recordings of activity that originates outside of the subject's brain. 

Some common artifacts polluted EEG data which are EMG activity, eye movement, and skin 

artifact. 
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3.10.1. EMG Artifacts: 

Myogenic potentials produced in the frontalis and temporalis muscles (clenching of the jaw 

muscles) are shorter in length than those generated in the brain, which is a frequent artefact of 

EMG activity. The duration, morphology, and rate of firing may all be used to identify these 

artefacts (frequency). Parkinson's disease may create EMG abnormalities with a frequency of 

4 to 6 Hz [42]. 

3.10.2. Ocular Artifact: 

Negative and positive poles may be found on either side of the eyeball, with the cornea at the 

front and the retina at the back of the eyeball (retina). The enormous amplitude alternative 

current field generated as the globe spins around its axis may be detected by any of electrodes 

placed near the eye. Even as positive pole moves toward frontopolar electrodes FP1 and FP2, 

it produces symmetrical downward deflections [43]. 

3.10.3. Skin Artifact: 

This is complicated by the skin's characteristics. Stratum corneum-granulosum DC potential 

is substantial and changes with local skin deformation. Skin cleaning (alcohol swab) is the 

only reliable approach to remove artefacts from the source. As well, sweating sodium 

chloride interacting with electrode metals might cause a steady baseline drift. 

3.11. About electromyography (EMG) 

Electromyography (EMG) signals may be used in clinical and biological settings [44]. Today, 

the EMG signal is most often used for measuring the muscle's activation time, assessing its 

strength, and calculating its fatigue index by analyzing its frequency spectrum. These three 

applications are by far the most prevalent uses for EMG signals today. 

 

3.12. Anatomical position of hand muscles: 

Biceps, triceps, and forearms are the three major muscular groups in our human arms [45]. 

Extensors help stretch the arm and raise the joint angle, whereas flexors assist flex the arm 

and lower the joint angle. The biceps are an upper arm muscle. The biceps have two heads: a 

small head and a long head. Tendons connect the biceps to the arm bones. These are the 
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proximal biceps tendons. The distal biceps tendon connects the biceps to the forearm bones 

(radius and ulna) [46]. By contracting the biceps, the forearm is pushed up and rotated 

outwards. The forearm connects the elbow to the wrist in the upper extremity [47]. The 

forearm is made up of two bones: the radius and ulna. It has two parts: anterior (flexor) and 

posterior (extensor). Both compartments include 20 muscles each. 

 

 

 

 

 

 

Fig.3.16 Anatomical position of hand muscles [48] 

3.13. Electrical noise affects EMG data: 

When the EMG signal is not amplified, it has a maximum amplitude range of 10 mV (+5 to -

5). As they travel through different tissues, EMG signals gather up noise [49]. Electrical 

noise has distinct properties, and it is crucial to know them. 

EMG signals may be affected by electrical noise in the following ways: 

1. Ambient noise, 

2. Motion Artefacts, 

3. Inherent noise in electronic equipment. 

The following techniques may be used to improve the quality of an EMG signal: 

1. The signal-to-noise ratio of EMG signals should be as low as possible [50]. 

2. Signal peaks should not be distorted, and notch filters should not be used. 

During EMG signal processing, all positive EMG signals are considered [51]. Half-wave 

rectification retains just the positive data and discards the negative [52]. The absolute value 

of each data point is used in full-wave rectification [53]. Full-wave rectification is usually 

recommended for rectification. 
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3.14. EMG signal processing: 

Raw EMG provides useful data in a meaningless format. Only quantifiable data is relevant. 

Raw EMG signals are subjected to signal processing methods to get accurate readings [54]. 

An EMG signal may be cleaned up using several techniques. Denoising approaches other 

than wavelet-based fall short, while wavelet-based is the best. 

A discrete temporal filter bank may be used to create WT [55]. Wavelet Fourier transforms 

are WT filters. Classifying EMG signals using the WT is a great idea [56]. 

3.15. Nonlinear analysis: 

Non-linear dynamic approaches such as Fractals, Chaos theory, and Entropy may be used to 

analyze EEG and EMG signals. Time series analysis using non-linear methods aids in both 

identifying system characteristics and predicting their behavior. Fractal patterns occur 

naturally in system dynamics, particularly in phase space. The examination of these structures 

is particularly beneficial for predicting the future behavior of complex systems because they 

reveal basic relationships between uncertainty and indeterminism. 

3.16. Fractal: 

An endless pattern that appears in various sizes is known as a fractal. It’s a scientific term for 

this quality. There are several examples of fractals in nature. Our blood veins, brains, trees, 

lightning bolts and river networks all have the same branching patterns that we observe in 

nature. For example, I consider our lungs surface area. We have around 100 square meters of 

surface area in our airways, which are branching fractals. Trees and lungs both exchange 

oxygen and carbon dioxide via their huge surface areas, which makes the comparison clear. 

Scale is 30 cm = 3*10-1 m. 

 

 

 

Fig.3.17 Human lungs [57] 
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CHAPTER 4 

REVIEW OF LITERATURE  

This chapter focuses on the EEG and EMG signal identification, capture, processing, and 

analysis. This section provides an overview of EEG and EMG research during the last few 

decades [58].  

In the second part of the 18th century, Luigi Galvani, Lucia Galeazzi Galvani, and Giovanni 

Aldini discovered the function of electricity in nerves by dissecting frogs. Charles Bell and 

François Magendie established via dissection and vivisection between 1811 and 1824 that the 

spinal cord's ventral roots send motor impulses while the posterior roots receive sensory 

information (Bell-Magendie law) [59]. Jean Pierre Flourens developed the experimental 

approach of performing targeted brain lesions on animals and reporting their effects on 

motility, sensitivity, and behavior in the 1820s. Early 20th century research established that 

neurons were electrically excitable and that their activity altered the electrical state of nearby 

neurons. Camillo Golgi developed a staining process in the late 1890s that employed a silver 

chromate salt to expose the detailed architecture of single neurons. He defined the "in 

excitable" or "refractory period" between nerve impulses in 1899. His main interest was in 

how nerves influenced muscles and sight. The term "Neuroscience" may have been first used 

in 1962 by Francis O. Schmitt's "Neuroscience Research Program" at MIT [60]. 

Richard Caton (1842–1926), a Liverpool physician, published his results in the British 

Medical Journal in 1875 [61]. Adolf Beck, a Polish biologist, investigated rhythmic 

oscillations in the brains of rabbits and dogs in 1890 [62]. Beck began studying animal brain 

electrical activity. Beck used electrodes on the brain's surface to measure sensory input [63]. 

His findings of changing brain activity led to brain waves [64]. Cognition was first recorded 

in monkeys in 1912 by Russian researcher Vladimir Pravdich-Neminsky [65].  For the first 

time ever, a human EEG was recorded in 1924 by German scientist and psychiatrist Hans 

Berger (1873–41). A Beckman Instruments electroencephalograph equipment was used to 

monitor the brain waves of the astronauts on at least one of the Project Gemini human 

spaceflights (1965-1966). It was one of several Beckman Instruments designed specifically 

for NASA's needs. 
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The researchers used radio equipment to boost the brain's signal and then recorded it on graph 

paper [66]. It wasn't until Berger saw that the participants' levels of awareness fluctuated that 

he came up with the name for the EEG device. Using concentric needle electrodes, Franklin 

Offner created the first dedicated EEG recording device. In 1935, Gibbs et al. defined spike 

waves, which led to the creation of clinical encephalography. According to the study of Gibbs 

and Jasper, published the following year, interictal spikes are the focal markers of epilepsy. 

Electroencephalography underwent a sea change after World War II, as scientists developed 

new methods for detecting, denoising, and analyzing brain impulses. In the 1950s, 18 

William Grey Walter pioneered EEG topography, or the mapping of electrical activity over 

the surface of the brain [67]. This was used in psychiatry until the 1980s. There have been 

advancements in EEG signal categorization via the use of Neural Network detection systems 

since 1996. Some of these advancements will be described more below. Scalp electrodes are 

placed to capture EEG signals [68]. Using the electrode signals, Equation (1) describes the 

whole signal. 

                                                                                                                       

-------------------------------- (1)                                                                                                                                          

Here X(t) represents the EEG signal. T stands for transposition and m for channel count. The 

rows represent EEG data from various electrodes and the columns show temporal variation. 

The EEG signal is filtered to remove unwanted disturbances, but this must be done carefully 

to avoid data loss. During the 1980s, digital filters were utilized to eliminate electrical 

disturbances from the sound. Analyzing EEG data with digital filters requires cross-

multiplying data points from the raw signal and their neighbors with a set of weights, 

according to Nitschke and colleagues. Since the EEG data must be converted to a wavelet, a 

precise mother wavelet must be used. Equation (2) may be used to represent the wavelet 

decomposition of a signal x(t) [69]. 

----------------------------------(2) 

 

in where x(t) the mother wavelet’s scaling function is. Equation (2) has two parts: 

approximation coefficients and detailed coefficients. A biomedical signal is non-linear and 

non-stationary. Because of this, non-linear signal processing methods are appropriate for their 

investigation [70].  
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Nonlinear measurements like fractal dimensions may be used to assess EEG signal 

nonlinearity. 

One of the fascinating properties of bio signals is their capacity for self-similarity, or the 

ability to evolve from a small-scale structure to a larger-scale one. Analysis of signals with 

self-similarity may produce discriminative characteristics straight from the signals utilizing 

fractal dimensions. Fractal dimension is a way to assess the inconsistencies in these kinds of 

signals that aren't integer or fractional but rather non-integer or fractional in nature [71]. 

Fractal dimensions may be calculated using the following methods [72]: Box counting, Hurst 

exponent, PSD, approach suggested by Higuchi, Sevcik and Katz, and two variations of 

Castiglioni. There are two essential criteria for every feature extraction [73] the mean squared 

error (MSE) provided by Equation (3) and the signal to noise ratio (SNR) given by Equation 

(4) [74]. Here, x(n) is raw EEG or EMG signal, is denoised EEG or EMG signal. 

 

 ------------------------------(3) 

 

------------------------------(4) 

 

Francesco Redi documented EMG in 1666, and the evolution of EMG began [75]. The text 

explains that the electric ray fish has a highly developed muscle that creates electricity. Early 

in the 19th century a scientist named Walsh demonstrated that muscular tissue from an Eel 

fish could produce an electrical spark in 1773. According to an article published in 1792, A. 

Galvani demonstrated that electricity could cause muscular contractions by demonstrating 

that it could be applied to muscle fibers [76]. More than half a century after that, in 1849, 

Dubios-Raymond demonstrated that electrical activity may be recorded while a voluntary 

muscular contraction is taking place [77]. Marey, who coined the term "electromyography" in 

1890, was the first to make a recording of this activity. An oscilloscope was used by Gasser 

and Erlanger in 1922 to display the electrical impulses generated by muscle fibers. Because 

of the random character of the myoelectric signal, only a limited amount of information could 

be gleaned from its monitoring [78]. As electromyographic signal detection technology 

advanced from the 1930s to the 1950s, researchers were able to employ better electrodes to 
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examine muscles more extensively [79]. In the 1960s, doctors started using surface EMG in 

the treatment of increasingly occurring specific illnesses. In 1966, Hardyck and his team 

became the first to employ EMG in clinical settings. Early on, Cram and Steger established a 

clinical approach for scanning various muscles to use an EMG sensor device [80]. Electrodes 

had not yet improved enough to enable batch manufacture of compact and lightweight 

instruments and amplifiers necessary for this project until the mid-1980s. Till then, there 

were a few commercially available amplifiers that were appropriate for the task at hand. 

During the early 1980s, microvolt cables were made accessible that may generate desired 

artefacts. The characteristics of surface EMG recording have improved over the last 15 years 

because of study. Recently, surface electromyography has become more popular in clinical 

procedures for recording from the superficial muscles, but intramuscular electrodes are still 

employed exclusively for recording from deep muscles. The brain processes muscle 

contractions and other bodily functions [81]. The brain will then communicate with the spinal 

cord [82]. The axonal terminals formed by the division of motor neurons in the spinal cord 

are known as axonal [83]. Muscle fibers are linked to axonal terminals. There is an electrical 

signal in the muscle fibers [84]. Neurons in the spinal cord provide the fibers of muscle with 

electrical impulses [85]. Neuronal axons, or nerve fibers, exit the spinal cord and travel via 

the peripheral nervous system to the muscles and glands. As previously stated, each motor 

axon divides into several branches and innervates many muscles. A motor unit consists of a 

single motor neuron and all the muscle fibers that it controls [86]. Across all muscle fibers, 

the dispersed signal from a single motor unit is synchronized and equal. Action potentials in 

muscle fibers are the signal they generate [87]. The motor unit action potential (MUAP)is 

made up of the sum of the action potentials of all the muscle fibers in a single motor unit 

[88]. EMG signals that include MUAP information are an invaluable diagnostic tool for a 

variety of neuromuscular conditions. Each one of a motor unit's innervated muscle fibers gets 

a shot of adrenaline when it fires. The motor unit action potential train is a series of impulses 

generated by a recurrently firing motor unit [89]. For each active motor unit, a unique 

myoelectrical signal is generated [90]. Poisson processes may be used to represent the EMG 

signal, which seems to be random and is often treated as a filtered excitation process, in 

which the MUAP is the filter. A significant difficulty in motor system analysis is the precise 

identification of discrete events in the EMG. The time of the muscle's activation and 

deactivation has been studied using a variety of ways [91]. Exercising is becoming more 

popular. It's been utilized extensively in the domains of sports performance and 

rehabilitation. Muscular force is the maximal force that a muscle can create [92]. Muscle 
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force increases performance, prevents injuries, improves body composition, self-image, 

lifelong muscle, and bone health, and prevents chronic illness. Visual examination by 

experienced observers is the most prevalent approach for deciphering motor events from 

EMG data. "Single threshold approach," which compares EMG data to preset thresholds, is 

the most straightforward and widespread computer-based method for finding the 

commencement of muscle contraction activity [93]. Analyzed raw signals are compared to an 

amplitude threshold that is determined by the average power of the background noise. EMG 

signal decomposition has been accomplished using wavelet spectrum matching and wavelet 

coefficient principal component analysis [94]. According to Jianjung et al, many motor unit 

potentials will overlap at the same time, particularly during a powerful muscular contraction. 

For, the breakdown of EMG signals, Eric and Damjan developed a non-linear least mean 

square (LMS) optimization of higher order cumulants back in 2002 [95]. According to 

Guglielminotti and Merletti, the greatest feasible energy localization in the time-scale plane 

may be [96] achieved by using a wavelet analysis that is tailored to fit the MUAP's form[97]. 

For nonlinear analysis, Fractal dimension is used because FD (fractal dimension) and MFL 

(maximum fractal length) have been shown to be linked to the complexity and power of the 

muscular contractions connected with them. Many researchers have already spent a great deal 

of time building new algorithms, updating current methodology, and enhancing detecting 

methods to decrease noise and capture reliable EMG and EEG data. 
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CHAPTER 5 

EXPERIMENTAL METHODOLOGY 

The procedure of taking data with help of EEG and EMG machines is already mentioned in 

the previous section. In this chapter, the protocol set for this experiment is discussed. Before 

entering this protocol, a brief idea about the stimulus is touched upon and also the type of 

stimulus used in this experiment in discussed. 

5.1. Stimulus: 

Stimulus is something which arouses a specific reaction in the body of a person by acting 

from outside the body environment and changes the normal activities of the person for a short 

period of time. In this experiment, stimulus is given in form of different kind of weights 

which are given in increasing order from 0 to 5 kg with an interval of 1 min between each 

weightlifting. 

5.2. Flow chart for entire experiment process: 

 

Fig.5.1 This flow chart shows that overview our entire experiment process. 
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5.3. Whole set-up before starting data recoding: 
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To record the EEG and EMG signal by varying different kind of weight stimulus, both EEG 

and EMG machines are switched on together. Then the electrodes of EEG and EMG are 

placed on subjects. Electrode of EEG placed on subject’s scalp (central region) by the help of 

EEG conducting paste. And EMG electrodes were placed on hand (biceps and forearm) of the 

same subject. Then both EEG and EMG softwares calibrated at the same time.  

Next the focus on EEG montage impedance. When impedance will be under 5kΩ then it is 

taken as perfect reading and saved it. At that time EMG window will not be in process. After 

saving the montage resistance we will check the other parameters like sensitivity, high pass 

filter (HPF), low pass filter (LPF), notch filter, and EMG filter. The sensitivity was set to 

20µV/mm, LPF was set to 0.5 Hz, HPF was set to 5Hz, the notch filter and EMG filter were 

set on. After checking all parameters, recording of EEG is started. Then we will go to the 

EMG window without hampering EEG window which means EEG recording will be on. And 

parallelly EMG recording is started. For the 1
st
 recording, the EMG window is set for the 1 

min10 sec but recording time of data measurement is 10 sec. By the same process other 

weights like 0.5 kg, 1 kg, 1.5kg, 2kg, 2.5kg, 3kg, 3.5kg, and 5kg are recorded. After taking 

all readings, both the EMG window and EEG window are switched off. The recorded EMG 

and EEG data are collected in the form of .csv file. 

5.4. Selection of montage: 

Referential and bipolar transverse montage are employed for better EEG recording [98]. 

Intelligent montages are required for precise and detailed field assessment. Here referential 

and bipolar transverse montages are used to capture brain signal.  

5.5. Calibration of signal: 

A calibrating signal is a known voltage input. The user may set a calibration voltage (1µV to 

10mV or more). In all levels of EEG signal processing, from amplification to pen output, this 

signal is conveyed. When calibrating a square wave pulse, changes in channels’ 

amplitude might be seen. A voltage calibration signal for each filter and sensitivity level used 

while recording is required. 
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5.6. Impedance: 

The resistance of a system to the flow of alternating current is expressed in units called ohms 

[99]. In terms of electrical conductivity, bigger numbers provide a greater obstacle. Reduced 

EEG signal amplitude is caused by increased electrode impedance [100]. In EEG research, a 

resistance of at least 100 ohms and a maximum of 5 kΩ should be used. 

5.7. Electrodes: 

These are small metal discs coated with silver chloride, which may be made of stainless steel, 

tin, or silver. These are placed on the scalp. To identify these locations, the International 

10/20 method is applied. A letter and a number identify each electrode location. In the 

different brain lobes electrodes are placed [101]. Even numbers indicate the right side of the 

skull, whereas odd numbers represent the left side [102]. Conductive paste-coated disc 

electrodes are placed on the scalp of the subject (EEG) [103]. 

5.8. Electrical safety: 

EEG is a safe treatment however, it might cause electrical harm, causing pain and burn. 

Electrical current delivered to the brain or scalp may cause seizures [104]. Ventricular 

fibrillation may be caused by current. Irritant metals used for depth measurement in the brain 

might cause local damage. The risk of damage varies among different patient groups. The 

first group consists of patients who do not touch an electrical equipment are the safest [105]. 

The second category comprises of people who have electrodes connected to their skin but no 

additional medical devices. The third category comprises of high-risk individuals including 

newborns and those with intravascular catheters or other medical devices. 

It is possible for a person attached to an EEG machine to suffer from hazardous currents. 

These can be: - 

1. Due to leakage current, 

2. Due to improper grounding, 

3. Due to double grounding. 

4. Due to switch sparking. 
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5.9. EEG data acquisition: 

Surface electrodes (Ag/AgCl) were put on the scalp of the subjects to capture the EEG data. 

The International 10/20 System of surface electrodes was used to put the electrodes. In this 

experiment seven electrodes were connected (C3, C4, CZ, A1, A2, Ground, and Reference). 

Here bipolar transverse montage and referential montage were used to capture the EEG signal 

(C3-CZ, C4-CZ, and CZ-REF). A clinical 24-channel computer-based EEG data collecting 

module (model: RMS Maximus 24, India Pvt. Ltd.) was utilized to collect the EEG signals. 

The 256 Hz sample rate is used to store the data. 

5.10. EMG data acquisition: 

The active electrodes E1, E2, E3, and E4 were inserted in the target muscle group namely the 

biceps muscles and forearm muscle. The reference electrode was put at the neutral point. Two 

electrodes E1 and E2 form Channel 1 (CH1), electrodes E2 and E3 form Channel 2 (CH2). 

After required skin preparation, the active electrodes were put roughly 2 cm apart using 

reusable clamp type metallic electrodes. The signal captured from these electrodes is 

amplified and filtered, and the output is recorded using the laptop, which has a 16-bit 

resolution and a 4.5KHz sampling rate. EMG recordings were acquired from 8 healthy right-

handed subjects who participated for the study, consisting of 2 women and 6 men. During the 

trial, the subject was instructed to relax and breathe normally. The individual was instructed 

to lift weights of different denominations. The results of each trial were kept for subsequent 

examination. 

Next step was denoising of EEG and EMG signals. 

5.11. EEG and EMG signal denoising: 

It is possible to think of transforms as an improvement over the original signal. As a result of 

the frequency information it gives, the Fourier transform is a good match for this concept. A 

waveform's frequencies can be accurately described using Fourier analysis, but its time 

cannot be tracked. Many biological signals include a significant amount of timing 

information that is of essential importance. It is possible to extract time and frequency 

information from a waveform in a variety of ways [106]. Many methodologies have been 

introduced to extract frequency and time information from waveforms. There are several 
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ways to represent a waveform's characteristics that vary over time, but one of the most 

common is to employ a technique known as a wavelet transform [107]. 

5.12. Why Wavelet Transform (WT) is important for denoising: 

In case of Fourier transform, the waveform was compared to a sine function [108]. In fact, it 

was compared to a whole family of sine functions with the same frequency [109]. By 

multiplying the signal with sinusoidal functions and averaging where eq. (5) is in continuous 

form. Here averaging means in either the continuous or discrete domains, either integration or 

summation may be used. 

-------------------------------------------- (5) 

The distinctive frequency features of sinusoidal functions make them especially attractive for 

exploring the characteristics of waveforms. This property naturally makes them suitable for 

investigating a waveform's frequency spectrum [110]. It is possible to employ other 

investigate functions, such as functions that focus on a certain waveform behavior or feature. 

Short-term Fourier transforms (STFT) may be used to translate or slide the probing function 

across the waveform, x(t), as is done in this case. 

------------------------------------------- (6) 

A sliding window function, w(t-τ), is used to translate the window across x, and f, the 

frequency, serves as an indicator of a family member. In general, translated probing functions 

may be expressed as follows: 

-------------------------------------------------- (7) 

where f(t)m is a family of functions, and m is the number of the family. 

A big enough family of functions f(t)m should always be able to address the whole waveform 

(x) in all its many features (t). It is possible to rebuild x(t) in this way, making the 

transformation bilateral. This extra layer of redundancy may be advantageous in certain 

situations, such as when it reduces noise or serves as a safety net, but it is not always 

essential. While the Fourier transform isn't really redundant, most transformations given by 
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equation (7) X(t,m) are, since they transfer one-dimensional (t) variables into two-

dimensional variables (t, m). 

The wavelet transform adds an important dimension to the fundamental idea provided by 

Equation (7). Many alternative probing functions may be employed in wavelet analysis, but 

the family always includes expanded or compressed variants, as well as translations [111]. 

Equation (8) defining Continuous wavelet transform (CWT) comes from this notion [112]. 

-------------------------------------------------- (8) 

The wavelet coefficients, W(a,b), define the relationship between both the signal and the 

wavelet at different scales and translations: the relationship between the signal and the 

wavelet at a particular scale and location, a, b. 

A mother wavelet and its family members are created by dilatation and contraction [113]. 

The wavelet presented is the popular Morlet wavelet, called after a founder of wavelet 

research, and characterized by the equation: 

-------------------------------------------------- (9) 

Although the CWT coefficients may be used to recover the original waveform, this is seldom 

done due of the transform's redundancies. To get the original waveform back, the more 

efficient discrete wavelet transform is applied in this case [114]. The CWT has a major flaw: 

it is quite redundant. The CWT generates many more coefficients than are required to 

uniquely describe the signal, resulting in an up-sampling of the original waveform. However, 

if an analytic application such as the one described above requires a way to retrieve the 

original signal, this redundancy might be a significant expense. To retrieve all the 

coefficients, the computing effort may be too great. A bilateral transformation is used that 

provides the smallest number of coefficients necessary to properly reproduce the original 

signal. 

5.12.1. Discrete Wavelet Transform (DWT): 

Scale and translation variations are often limited to powers of 2 in the discrete wavelet 

transform (DWT) [115]. Filter banks make it simpler to learn and implement the DWT's 
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fundamental analytical expressions than it would be otherwise. The DWT is commonly 

referred equation (10) to as a recovery transform because of this: 

------------------------------------------ (10) 

Here d (k, l) sampling of W (a, b) at k and l. an equal to 2
k 

and b equal to 2
k 
l. 

A Scaling function that makes it easier to compute the DWT, is a novel notion in the DWT. 

DWT implementation is more efficient if the highest resolution is calculated before the lower 

resolutions are applied. The scaling function is used to generate this smoother version [116]. 

However, a scaling function is frequently referred to as the smoother function [117]. Dilation 

or two-scale difference equations are used to define the scaling function, which is equation 

(11) [118]: 

------------------------------------------------------------ (11) 

Here, c(n) is a sequence of scalars that specifies the scaling function. This is a challenging 

problem to answer since it incorporates two different time scales which are t and 2t. 

Scaling functions are used to identify and describe each individual wavelet in a DWT: 

------------------------------------------------------ (12) 

Here, d(n) represents series of scalar which is related to x(t) signal. These equations (12) are 

used to implement the DWT however, filter bank approaches are more often used. 

EEG and EMG data were denoised using the DWT and a threshold approach [119]. 

MATLAB Wavelet toolbox was used to implement the DWT and threshold-based denoising 

[120]. Below Flow chart shows that denoising process algorithm. 
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Fig.5.2 Flow chart for denoising process to raw data to filter data by the help of wavelet 

transform. 

5.12.2. Wavelet decomposition: 

Low and high pass filters are used to decompose a signal into its component waves, which 

are termed approximation and detail, respectively [121]. Multi resolution decomposition, 

which splits the signal into "details" at various scales and "approximation," is correlated with 

both filters' wavelet functions. In the discrete time domain, the DWT is calculated through 

lowpass and high pass filtering [122]. The denoised signal was forwarded after the residuals 

signal was eliminated using the Soft Minmax Thresholding Method. With un-scaled white 

noise structure, a threshold was manually determined for each level. Fig. (5.3) shows a raw 

EEG signal and its coefficients after decomposition with db6 at ten levels. 
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Fig.5.3 Decomposition at level 10 of EEG signal s: a10, d10, d9, d8, d7, d6, d5, d4, d3, d2, 

d1. 

 

Fig. 5.4 Wavelet tree for db6 of level 10 

 



32 
 

5.12.3. Threshold method: 

Let us assume that the equation below provides a model of the EMG or EEG signal 

f(t) = s(t)+n(t) 

Where, f(t) denoted as model of the EMG or EEG signal which contents noise; s(t) denoted 

as EMG or EEG signals and n(t) denoted as White Gaussian Noise N (0,σ
2
) respectively. 

Let us assume that Ts is signal threshold and Tn is noise threshold. 

Ts > 0 captures the energy of the initial signal s(t) to a level that is larger than a threshold. 

The magnitude of the noise signal transform values all lies below the noise threshold Tn, 

satisfying Tn>Ts. The noise in f(t) can then be reduced by applying a threshold to its 

transform. All values of its transform whose magnitude is less than Tn noise threshold are set 

to 0. 

5.13. Power spectral density (PSD): 

Power spectral density (PSD) depicts the frequency-domain power distribution of EEG and 

EMG signals [123]. Using Welch's periodogram, the PSD may be calculated. For analyzing 

the frequency domain components of a signal, power spectral density is used. The Welch 

method is a useful tool for finding the PSD of a signal. In this method the periodogram 

concept is used for calculating the PSD of a signal. Thus, PSD calculation help us to find 

band power which frequency band for both the signal EEG and EMG. 

 

5.14. Analysis of fractal dimension using Higuchi fractal dimension 

(HFD): 

Nonlinear dynamics are increasingly being used to analyses and extract features from signals 

that are random and unpredictable in nature. In the subject of physiological signal analysis, 

the study of signal complexity offers a wide range of applications. To analyses the change in 

fractal dimension about various weights, the estimation of fractal dimension from Higuchi's 

Fractal dimension [124] analysis is integrated here. As a nonlinear approach for analyzing 

biological data, HFD plays a significant role. HFD may be used to stationary, non-stationary, 

stochastic, deterministic, synthetic, and natural signals in addition to linear approaches. 



33 
 

Because the HFD outcome is determined by the Kmax value rather than the duration of the 

signal, determining the best Kmax is critical. 

 

A given time series X(t) is transformed into a new time series Xk
m

 using the HFD technique. 

Where,  

Here [(N-m)/k] denotes Gauss’s notation, m and k are integers, which indicates the in 

integers time and interval times respectively. Therefore, for a time interval, any k, we get k 

sets of new time series. The following equation (1) [125] gives the length of the curve formed 

by Xk
m

.  

    ------------------------------ (1) 

The normalized factor for curve length of subset time series is represented by the term  

[(N-1)/[
   

 
]  ]. 

Now, the length of the curve for the time interval k is calculated as the average value of k sets 

of Lm(k) given  

 

If the graph is the curve of factor, then it will follow the relation given in equation (2) 

<Lm(k)>   K-D
 -------------------- (2) 

The fractal dimension derived by Higuchi's approach, often known as Higuchi's fractal 

dimension, is represented by the exponent D. 
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5.15. Correlation between EEG and EMG signals:  

According to statistical theory, correlation is a phrase that describes how closely two 

variables are linked to one another. The correlation coefficient (r) that emerges because of 

this investigation. If r is a positive integer, its value ranges from -1 to 1. A negative 

relationship is represented by r = (-1), whereas a positive relationship is represented by r = 

(+1). The correlation between brain and muscle signals improves as r approaches 1. For 

correlation analysis. Below tables contents 8 subjects’ correlation between brain signal and 

muscles signal. 
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CHAPTER 6 

EXPERIMENTAL RESULTS 

6.1  EEG and EMG denoising process:  

MATLAB® has been used to import the raw data [126]. The sample rate is 4.5KHz, and the 

test time is 10 seconds for EMG signal. For EEG signal the sample rate 256Hz and test time 

10 seconds. The wavelet function db6 was used for this experiment and proved to be 

successful in removing noise. The wavelet toolkit in MATLAB® was used to finish this work 

[127]. The denoised signal was advanced after the residuals signal was eliminated using a 

manual soft minmax thresholding procedure. Here the threshold for each level was manually 

determined. Now we can used this denoised data to measure another feature. Below fig. 3.5 

shows that EMG signal before noise elimination and after eliminated of noise. Fig. 3.6 shows 

that EEG signal before elimination noise and after eliminated noise. 

 

Fig. 6.5 In this figure red is denoted as EMG signal contain noise and black is denoted as 

denoise part of EMG signal. 
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Fig.6.6 In this figure red part is noisy EEG signal and black part is denoise part of EEG 

signal. 
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6.2 Calculation Power Spectral Density (PSD): 

6.2.1 Parallelly comparison of power spectral density (PSD) for before and after 

denoise EEG signals: 

In previous chapter we have already discusses about PSD. In this chapter, the EEG and EMG 

signals of the one subject were plotted on a graph based on their weight. 

  

Before denoise PSD for C3-CZ at 0kg After denoise PSD for C3-CZ at 0 kg 

  

Before denoise PSD for C4-CZ at 0kg After denoise PSD for C4-CZ at 0 kg 

  

 Before denoise PSD for CZ-REF at 0 kg After denoise PSD for CZ-REF at 0 kg 

 

Fig. 6.7 Before and after denoise of EEG signal PSD plot against 0kg weight lifting. 
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 Before denoise PSD for C3-CZ at5 kg  After denoise PSD for C3-CZ at 5 kg 

  

Before denoise PSD for C4-CZ at 5 kg  After denoise PSD for C4-CZ at 5 kg 

  

 Before denoise PSD for CZ-REF at 5 kg After denoise PSD for CZ-REF at 5 kg 

 

Fig. 6.8 Before and after denoise of EEG signal PSD plot against 5kg weight lifting. 
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The following are some key conclusions that may be derived from above figures- 

 Before denoise PSD plot clearly shows that some high frequency components are 

present and it is distributed. But after clearing noise PSD plot shows that higher 

frequency components are subpressed.  

 Before denoise PSD value shows that at lower frequency which is in between 0 Hz to 

20 Hz sharp region exists. But after eliminating noise PSD value shows a smooth 

curve. 

 

6.2.2 Parallel comparison of power spectral density (PSD) for before and after denoise 

EMG signals: 

  

Before denoise PSD for channel 1 (sEMG) After denoise PSD for channel 1 (sEMG) 

  

Before denoise PSD for channel 2 (sEMG) After denoise PSD for channel 1 (sEMG) 

 

Fig.6.9 Before and after denoise of EMG signal PSD plot against 0 kg weight lifting. 
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Before denoise PSD for channel 1 (sEMG) After denoise PSD for channel 1 (sEMG) 

  
Before denoise PSD for channel 2 (sEMG) After denoise PSD for channel 1 (sEMG) 

 

Fig.6.10 Before and after denoise of EMG signal PSD plot against 5 kg weight lifting. 

The following are some key conclusions that may be derived from above figures- 

 Before denoise PSD for EMG channels clearly show that from 0 to 2000 Hz PSD 

value continuously decreased and contained unwanted picks.  

 But after clearing noise in the region of 0 to 2000 Hz almosed all picks are eliminated. 
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6.3  Calculation of band power: 

6.3.1 Calculating EMG band power due to increasing weights: 

TABLE:6.3.1.1: Calculating EMG muscles band power due to increasing weight for 

Subject 1 

WEIGHT CHANNEL 1 CHANNEL 2 

0 106.2553167 286.4153248 

0.5 131.5143892 543.0214181 

1 174.7648481 816.0083323 

1.5 243.7172689 785.847509 

2 484.2619345 1105.005996 

2.5 490.1246616 1001.224116 

3 672.9313573 1454.904666 

3.5 695.2522952 1347.841746 

5 1337.530882 2004.342025 
 

Below figures are showing that graphical interpretation of EMG muscles band power 

variation due to increasing weight for subject 1. 

 

Fig.6.11 EMG muscles band power variation due to increasing load for channel 1 

 

Fig.6.12 EMG muscles band power variation due to increasing load for channel 2. 
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TABLE:6.3.1.2: Calculating EMG muscles band power due to increasing weight for 

Subject 2 

WEIGHT CHANNEL 1 CHANNEL 2 

0 1715.379026 317.8942222 

0.5 2033.862397 297.0411903 

1 2347.424901 664.1136669 

1.5 2463.825351 639.2268184 

2 2003.918214 1128.867614 

2.5 3315.909557 971.4762597 

3 3178.801767 1210.892567 

3.5 4166.34883 1577.363602 

5 18914.96276 1787.305328 

 

Below figures are showing that graphical interpretation of EMG muscles band power 

variation due to increasing weight for subject 2. 

 

Fig.6.13 EMG muscles band power variation due to increasing load for channel 1. 

 

Fig.6.14 EMG muscles band power variation due to increasing load for channel 2. 

y = 434.02x3 - 2015.4x2 + 2699.2x + 1443.8 
R² = 0.9934 

-5000

0

5000

10000

15000

20000

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

C
h

1
 P

o
w

er
 

Weights 

y = -9.0851x6 + 96.334x5 - 313.85x4 + 229.3x3 + 434.02x2 - 194.44x + 312.21 
R² = 0.9665 

0

500

1000

1500

2000

2500

3000

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

C
h

2
 P

o
w

er
 

Weights 



43 
 

TABLE:6.3.1.3: Calculating EMG muscles band power due to increasing weight for 

Subject 3 

WEIGHT CHANNEL 1 CHANNEL 2 

0 17.21978348 118.7707557 

0.5 20.77633787 167.6057207 

1 24.11895835 283.0727467 

1.5 30.12988746 434.1306445 

2 35.32623878 796.0394592 

2.5 39.38123615 1102.388287 

3 34.31204122 1472.475047 

3.5 34.15382371 2236.244712 

5 82.72163088 6376.060029 

 

Below figures are showing that graphical interpretation of EMG muscles band power 

variation due to increasing weight for subject 3. 

 

Fig.6.15 EMG muscles band power variation due to increasing load for channel 1.

 

Fig.6.16 EMG muscles band power variation due to increasing load for channel 2. 
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TABLE:6.3.1.4: Calculating EMG muscles band power due to increasing weight for 

Subject 4 

WEIGHT CHANNEL 1 CHANNEL 2 

0 751.3297643 693.2252807 

0.5 725.7348181 3062.021159 

1 1638.464322 1983.780139 

1.5 2565.763602 1276.826942 

2 2214.066531 3363.930249 

2.5 2072.950867 5522.637703 

3 3173.809553 5729.763792 

3.5 3393.627654 5043.406485 

5 6788.527491 5621.209661 

 

Below figures are showing that graphical interpretation of EMG muscles band power 

variation due to increasing weight for subject 4. 

 

Fig.6.17 EMG muscles band power variation due to increasing load for channel 1. 

 

Fig.6.18 EMG muscles band power variation due to increasing load for channel 2. 
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AVERAGE EMG MUSCLES POWER: 

 

Fig. 6.19 Average EMG muscles band power variation due to increasing load for channel 1. 

 

Fig. 6.20 Average EMG muscles band power variation due to increasing load for channel 2. 

 

The findings from the above tables and charts are: - 

 From the EMG power graph of channel 1, it can be seen that the power is gradually 

increasing from 0 kg to 5 kg. The R-Square value is 0.9849. This value fits the above 

power graph into a 3
rd

 order polynomial equation. 
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 From the EMG power graph of channel 2, it can be seen that the power is gradually 

increasing from 0 kg to 5 kg. The R-Square value is 0.9945. This value fits the above 

power graph into a 6
th

 order polynomial equation. 

 

6.3.2 RESULTS OF EEG ALPHA AND BETA BAND POWER AND 

EMG MUSCLES BAND POWER: 

When it comes to calculating EEG band power and EMG muscles band power, we used 

MATLAB software. For finding the power in a certain frequency range, the sample rate, fs 

(sampling frequency) needs to be specified. Band-power employs a modified periodogram to 

calculate the average power in a frequency band. In addition, we have prepared a table and a 

graph for comparison with eight other subjects. Here, we have figured out the power of alpha 

and beta [128]. In addition, the power of the muscles EMG bands was also computed [129]. 

Both the calculations of power were done in relation to the lifting of various weights. 

 

 Alpha band power due to varying weight  

TABLE.6.3.2.5: Calculating EEG alpha band power due to increasing weight for 

Subject 1 

ALPHA(8hz-13hz) 

WEIGHT C3-CZ C4-CZ CZ-REF 

0 6716.55 6828.44 6738.24 

0.5 17282.09 17408.51 18293.89 

1 16149.25 15857.89 17233.32 

1.5 22955.30 22743.66 21937.44 

2 32277.22 32025.71 33051.28 

2.5 25075.65 25724.51 25801.58 

3 10074.72 10454.15 11229.55 

3.5 20883.52 21124.47 20583.42 

5 25092.06 25852.93 25726.78 

Below figures are showing that graphical interpretation of EEG alpha band power variation 

due to increasing weight for subject 1. 
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Fig.6.21 EEG alpha band power variation due to increasing load for lead C3-CZ 

 

Fig.6.22 EEG alpha band power variation due to increasing load for lead C4-CZ 

 

Fig.6.23 EEG alpha band power variation due to increasing load for lead CZ-REF 
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TABLE.6.3.2.6: Calculating EEG alpha band power due to increasing weight for 

Subject 2 

ALPHA(8hz-13hz) 

WEIGHT C3-CZ C4-CZ CZ-REF 

0 36.61 46.00 189.45 

0.5 216.42 429.22 318.78 

1 148.99 113.89 371.23 

1.5 112.15 159.33 347.62 

2 28.06 78.85 177.06 

2.5 56.10 185.41 230.85 

3 197.23 172.23 464.69 

3.5 86.94 73.59 289.90 

5 81.66 60.86 291.05 

 

Below figures are showing that graphical interpretation of EEG alpha band power variation 

due to increasing weight for subject 2. 

 

Fig.6.24 EEG alpha band power variation due to increasing load for lead C3-CZ 

 

Fig.6.25 EEG alpha band power variation due to increasing load for lead C4-CZ 
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Fig.6.26 EEG alpha band power variation due to increasing load for lead CZ-REF 

TABLE.6.3.2.7: Calculating EEG alpha band power due to increasing weight for 

Subject 3 

ALPHA(8hz-13hz) 

WEIGHT C3-CZ C4-CZ CZ-REF 

0 184.23 168.27 315.67 

0.5 272.91 227.38 421.16 

1 157.50 113.67 442.40 

1.5 365.46 170.95 532.04 

2 271.81 190.02 653.76 

2.5 189.86 157.65 422.07 

3 190.87 195.62 384.82 

3.5 338.04 138.24 501.67 

5 258.57 233.25 576.95 

 

Below figures are showing that graphical interpretation of EEG alpha band power variation 

due to increasing weight for subject 3. 

 

Fig.6.27 EEG alpha band power variation due to increasing load for lead C3-CZ 
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Fig.6.28 EEG alpha band power variation due to increasing load for lead C4-CZ 

 

 

Fig.6.29 EEG alpha band power variation due to increasing load for lead CZ-REF 

  

y = -5.6408x6 + 81.885x5 - 444.11x4 + 1107.9x3 - 1239.6x2 + 475.43x + 170.97 
R² = 0.6396 

0.00

50.00

100.00

150.00

200.00

250.00

300.00

350.00

400.00

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

A
lp

h
a 

B
an

d
 P

o
w

er
 

Weight 

y = -20.086x6 + 253.86x5 - 1155.2x4 + 2320.3x3 - 2045.8x2 + 773.05x + 316.66 
R² = 0.9012 

0.00

200.00

400.00

600.00

800.00

1000.00

1200.00

1400.00

1600.00

1800.00

2000.00

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

A
lp

h
a 

B
an

d
 P

o
w

er
 

Weight 



51 
 

 AVERAGE ALPHA BAND POWER VARIATION: 

 

Fig.6.30 EEG average alpha band power variation due to varying load for lead C3-CZ. 

 

Fig.6.31 EEG average alpha band power variation due to varying load for lead C4-CZ 

 

Fig.6.32 EEG average alpha band power variation due to varying load for lead CZ-REF 
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 Beta band power due to varying weight  

TABLE.6.3.2.8: Calculating EEG beta band power due to increasing weight for Subject 

1 

BETA (13hz-30hz) 

WEIGHT C3-CZ C4-CZ CZ-REF 

0 3745.26 3698.55 3913.63 

0.5 14967.13 15093.70 15165.82 

1 10807.72 10728.91 11136.37 

1.5 22904.82 22597.00 22202.80 

2 20606.88 20509.61 21573.19 

2.5 16632.60 17170.47 17396.39 

3 10074.72 10454.15 11229.55 

3.5 14791.89 15217.32 14835.85 

5 19553.83 20177.00 20454.52 

 

Below figures are showing that graphical interpretation of EEG beta band power variation 

due to increasing weight for subject 1. 

 

 

Fig.6.33 EEG beta band power variation due to increasing load for lead C3-CZ 

 

y = -1168.6x6 + 15207x5 - 72250x4 + 155046x3 - 151893x2 + 64926x + 3942.6 
R² = 0.9011 

0.00

10000.00

20000.00

30000.00

40000.00

50000.00

60000.00

70000.00

80000.00

90000.00

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

B
et

a 
B

an
d

 P
o

w
er

 

Weight 



53 
 

 

Fig.6.34 EEG beta band power variation due to increasing load for lead C4-CZ 

 

Fig.6.35 EEG beta band power variation due to increasing load for lead CZ-REF  
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Below figures are showing that graphical interpretation of EEG beta band power variation 

due to increasing weight for subject 2. 

 

Fig.6.36 EEG beta band power variation due to increasing load for lead C3-CZ 

 

 

Fig.6.37 EEG beta band power variation due to increasing load for lead C4-CZ 
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Fig.6.38 EEG beta band power variation due to increasing load for lead CZ-REF 
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 AVERAGE BETA BAND POWER VARIATION: 

Fig.6.39 EEG average beta band power variation due to varying load for lead C3-CZ.

 

Fig.6.40 EEG average beta band power variation due to varying load for lead C4-CZ 

 

Fig.6.41 EEG average beta band power variation due to varying load for lead CZ-REF 
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The findings from the above tables and charts are: - 

 From the EEG alpha band power graph of all leads, it can be seen that the power is 

increasing from 0 kg to 5 kg. There are fluctuations present in the graph for the 

weights of 0.5 kg, 1 kg, 1.5 kg, 2 kg, 2.5 kg, 3 kg, 3.5 kg. R-Square value obtained 

from the graph fits the above alpha band power graph into a 6
th

 order polynomial 

equation. 

 

 From the EEG beta band power graph of all leads, it can be seen that the power is 

increasing from 0 kg to 5 kg. There are fluctuations present in the graph for the 

weights of 0.5 kg, 1 kg, 1.5 kg, 2 kg, 2.5 kg, 3 kg, 3.5 kg. R-Square value obtained 

from the graph fits the above beta band power graph into a 6
th

 order polynomial 

equation. 
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6.4 Calculating Fractal Dimension by the help of Higuchi’s method: 

For nonlinear dynamics we have used Higuchi fractal dimension for determining fractal 

dimension. In methodology section we have already discussed HFD algorithms. Now we 

want to see Kmax value and respect to Kmax value How to varying fractal dimension [130]. 

Below we have discussed all the tables as well as graphs for both EEG and EMG signals for 

all channels. 

6.4.1 Selecting Kmax: 

Choosing the best Kmax has a direct impact on HFD outcomes. The right method for 

determining optimal Kmax values by monitoring the graph saturation point. The Kmax value 

is given by the corresponding point. For EMG signal Kmax was set to 100 and for EEG 

signal Kmax was set to 50 in this work. 

 

Fig.6.42 HFD vs K plot shows that Kmax value 100 for EMG signal. 
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Fig.6.43 HFD vs K plot shows that Kmax value 50 for EEG signal. 

By picking an appropriate value of Kmax, this approach allows for direct measurement of the 

fractal dimension. hfd(x,Kmax), a MATLAB® function for calculating fractal dimension (FD), 

returns the FD value when x (EMG or EEG signal) and Kmax are supplied as inputs. As 

illustrated in Fig.6.42, Fig.6.43 the value of Kmax is determined as the point at which the FD  

value is not changing. Fractal analysis by the help of Higuchi’s algorithm is given in the 

below tables and graphs for both signal EEG and EMG for eight subjects. 

6.4.2 Calculating Fractal Dimension for EEG signal: 

TABLE:6.4.2.10: Calculating EEG fractal dimension due to increasing weight for 

Subject 1 

WEIGHT C3-CZ C4-CZ CZ-REF 

0 1.92309468 1.923186517 1.858721956 

0.5 1.91169555 1.910662064 1.824779303 

1 1.914170665 1.912610736 1.846954428 

1.5 1.901333608 1.901319137 1.82433659 

2 1.89896013 1.89857999 1.856321248 

2.5 1.898150816 1.89750662 1.838692943 

3 1.907212332 1.905530013 1.82917489 

3.5 1.913260504 1.912923196 1.86655031 

5 1.908072124 1.907374698 1.854518324 
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Below figures are showing that graphical interpretation of EEG fractal dimension variation 

due to increasing weight for subject 1. 

 

Fig.6.44 Fractal dimension variation due to increasing weight for EEG lead C3-CZ 

 

Fig.6.45 Fractal dimension variation due to increasing weight for EEG lead C4-CZ 
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Fig.6.46 Fractal dimension variation due to increasing weight for EEG lead CZ-REF 

 

TABLE:6.4.2.11: Calculating EEG fractal dimension due to increasing weight for 

Subject 2 

WEIGHT C3-CZ C4-CZ CZ-REF 

0 1.759983 1.821871775 1.723601167 

0.5 1.787811325 1.838936878 1.765415448 

1 1.792066136 1.894983971 1.730210039 

1.5 1.830531061 1.861234931 1.674718391 

2 1.803737201 1.828151832 1.733350913 

2.5 1.802190344 1.870740585 1.711476628 

3 1.758826793 1.847056545 1.847056545 

3.5 1.785740964 1.824845316 1.687324218 

5 1.737820151 1.844292874 1.458237885 

 

Below figures are showing that graphical interpretation of EEG fractal dimension variation 

due to increasing weight for subject 2. 

 

Fig.6.47 Fractal dimension variation due to increasing weight for EEG lead C3-CZ 
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Fig.6.48 Fractal dimension variation due to increasing weight for EEG lead C4-CZ 

 

Fig.6.49 Fractal dimension variation due to increasing weight for EEG lead CZ-REF 
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Below figures are showing that graphical interpretation of EEG fractal dimension variation 

due to increasing weight for subject 3. 
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Fig.6.50 Fractal dimension variation due to increasing weight for EEG lead C3-CZ 

 

Fig.6.51 Fractal dimension variation due to increasing weight for EEG lead C4-CZ 

 

Fig.6.52 Fractal dimension variation due to increasing weight for EEG lead CZ-REF 
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TABLE:6.4.2.13: Calculating EEG fractal dimension due to increasing weight for 

Subject 4 

WEIGHT C3-CZ C4-CZ CZ-REF 

0 1.875025422 1.776764289 1.661924677 

0.5 1.867975073 1.769724543 1.592297578 

1 1.84401862 1.732621261 1.451993438 

1.5 1.856625449 1.745884244 1.620235002 

2 1.863343028 1.748027112 1.582353839 

2.5 1.883446925 1.767179837 1.587923156 

3 1.86025626 1.785466256 1.559793795 

3.5 1.836781635 1.747437446 1.482151443 

5 1.857600237 1.77138424 1.552669977 

Below figures are showing that graphical interpretation of EEG fractal dimension variation 

due to increasing weight for subject 4. 

 

Fig.6.53 Fractal dimension variation due to increasing weight for EEG lead C3-CZ 

 

Fig.6.54 Fractal dimension variation due to increasing weight for EEG lead C4-CZ 
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Fig.6.55 Fractal dimension variation due to increasing weight for EEG lead CZ-REF 

 

TABLE:6.4.2.14 Calculating EEG fractal dimension due to increasing weight for 

Subject 5 

WEIGHT C3-CZ C4-CZ CZ-REF 

0 1.834026392 1.871439788 1.313311647 

0.5 1.825370537 1.85524414 1.402195397 

1 1.827691926 1.823303556 1.327708519 

1.5 1.8520776 1.850986034 1.321908206 

2 1.825703666 1.877651656 1.457389765 

2.5 1.84878014 1.863299303 1.773159451 

3 1.795647323 1.864217343 1.692084539 

3.5 1.807483426 1.867583248 1.790226575 

5 1.831132554 1.856473793 1.768755375 
 

Below figures are showing that graphical interpretation of EEG fractal dimension variation 

due to increasing weight for subject 5. 

 

Fig.6.56 Fractal dimension variation due to increasing weight for EEG lead C3-CZ 
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Fig.6.57 Fractal dimension variation due to increasing weight for EEG lead C4-CZ 

 

 

Fig.6.58 Fractal dimension variation due to increasing weight for EEG lead CZ-REF 
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 AVERAGE FRACTAL DIMENSION VARIATION FOR EEG DIFFERENT 

LEADS: 

 

Fig.6.59 Variation of average fractal dimension for lead C3-CZ due to change in load 

condition. 

 

Fig.6.60 Variation of average fractal dimension for lead C4-CZ due to change in load 

condition. 

 

Fig.6.61 Variation of average fractal dimension for lead CZ-REF due to change in load 

condition. 
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The findings from the above fractal analysis graph of EEG signal for all the subjects are: - 

 For the transverse bipolar montage, the fractal dimension decreased. For this 

montage the R-Square value fits the graph into a 6
th

 order polynomial. 

 For the referential montage the fractal dimension increased. For this montage the R-

Square value fits the graph into a 6
th

 order polynomial. 
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6.4.3 Calculating Fractal Dimension for EMG signal: 

TABLE:6.4.3.15: Calculate the fractal dimension of EMG signal due to increasing 

weight for Subject 1. 

WEIGHT HFD (CHANNEL  1) HFD (CHANNEL 2) 

0 1.956641591 1.958486833 

0.5 1.957671016 1.943207508 

1 1.945304724 1.933923732 

1.5 1.936456611 1.933736885 

2 1.925897599 1.932284125 

2.5 1.923757053 1.934520951 

3 1.91630557 1.922237339 

3.5 1.918394416 1.927459639 

5 1.903197473 1.910348612 

 

Below figures are showing that graphical interpretation of EMG fractal dimension variation 

due to increasing weight for subject 1. 

 

Fig.6.62 Fractal dimension variation due to increasing weight for EMG channel 1. 
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Fig.6.63 Fractal dimension variation due to increasing weight for EMG channel 2. 

TABLE:6.4.3.16: Calculate the fractal dimension of EMG signal due to increasing 

weight for Subject 2. 

WEIGHT HFD (CHANNEL  1) HFD (CHANNEL 2) 

0 1.932064492 1.963592149 

0.5 1.924597293 1.958201936 

1 1.916505099 1.947185256 

1.5 1.917386181 1.952272163 

2 1.904508076 1.950091758 

2.5 1.907294404 1.942549393 

3 1.898765633 1.942155489 

3.5 1.906323047 1.937943912 

5 1.906042419 1.922621408 

Below figures are showing that graphical interpretation of EMG fractal dimension variation 

due to increasing weight for subject 2. 

 

Fig.6.64 Fractal dimension variation due to increasing weight for EMG channel 1. 
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Fig.6.65 Fractal dimension variation due to increasing weight for EMG channel 2. 

TABLE:6.4.3.17: Calculate the fractal dimension of EMG signal due to increasing 

weight for Subject 3. 

WEIGHT HFD (CHANNEL  1) HFD (CHANNEL 2) 

0 1.985436237 1.926247153 

0.5 1.98674489 1.918534508 

1 1.974396718 1.927622935 

1.5 1.97206224 1.924342102 

2 1.971828675 1.919568227 

2.5 1.957366075 1.917045082 

3 1.793217818 1.922358622 

3.5 1.955495771 1.919170198 

5 1.941313163 1.903248973 

 

  

y = -0.0001x5 + 0.0019x4 - 0.0097x3 + 0.0223x2 - 0.0266x + 1.9642 
R² = 0.9595 

1.92

1.925

1.93

1.935

1.94

1.945

1.95

1.955

1.96

1.965

1.97

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

H
FD

 

WEIGHTS 



72 
 

Below figures are showing that graphical interpretation of EMG fractal dimension variation 

due to increasing weight for subject 3. 

 

Fig.6.66 Fractal dimension variation due to increasing weight for EMG channel 1 

 

Fig.6.67 Fractal dimension variation due to increasing weight for EMG channel 2 

TABLE:6.4.3.18: Calculate the fractal dimension of EMG signal due to increasing 

weight for Subject 4. 

WEIGHT HFD (CHANNEL  1) HFD (CHANNEL 2) 

0 1.886329559 1.936448784 

0.5 1.901270747 1.934663879 

1 1.888867858 1.912659862 

1.5 1.902150641 1.912681334 

2 1.8983859 1.904649712 

2.5 1.890531334 1.90756674 

3 1.895627511 1.904324638 

3.5 1.902341869 1.901182177 

5 1.89726411 1.904433591 
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Below figures are showing that graphical interpretation of EMG fractal dimension variation 

due to increasing weight for subject 4. 

 

Fig.6.68 Fractal dimension variation due to increasing weight for EMG channel 1. 

 

Fig.6.69 Fractal dimension variation due to increasing weight for EMG channel 2 

TABLE:6.4.3.19: Calculate the fractal dimension of EMG signal due to increasing 

weight for Subject 5. 

WEIGHT HFD (CHANNEL  1) HFD (CHANNEL 2) 

0 1.889084792 1.937224969 

0.5 1.873328116 1.930857441 

1 1.872160038 1.921678996 

1.5 1.872883548 1.929914316 

2 1.868278366 1.926321705 

2.5 1.871063565 1.92666417 

3 1.866189665 1.923192765 

3.5 1.864091997 1.918427571 

5 1.85717918 1.911986451 
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Below figures are showing that graphical interpretation of EMG fractal dimension variation 

due to increasing weight for subject 5. 

 

Fig.6.70 Fractal dimension variation due to increasing weight for EMG channel 1. 

 

Fig.6.71 Fractal dimension variation due to increasing weight for EMG channel 2. 

TABLE:6.4.3.20: Calculate the fractal dimension of EMG signal due to increasing 

weight for Subject 6. 

WEIGHT HFD (CHANNEL  1) HFD (CHANNEL 2) 

0 1.95688162 1.942806696 

0.5 1.957634183 1.932370156 

1 1.948351263 1.929144118 

1.5 1.945345839 1.916928865 

2 1.93818005 1.907398653 

2.5 1.933530598 1.900759477 

3 1.927931478 1.897202764 

3.5 1.927722615 1.893419375 

5 1.943524597 1.877618801 
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Below figures are showing that graphical interpretation of EMG fractal dimension variation 

due to increasing weight for subject 6. 

 

Fig.6.72 Fractal dimension variation due to increasing weight for EMG channel 1. 

 

Fig.6.73 Fractal dimension variation due to increasing weight for EMG channel 2. 

TABLE:6.4.3.21: Calculate the fractal dimension of EMG signal due to increasing 

weight for Subject 7. 

WEIGHT HFD (CHANNEL  1) HFD (CHANNEL 2) 

0 1.924410129 1.959354796 

0.5 1.93860575 1.965631799 

1 1.911679924 1.966530844 

1.5 1.914752259 1.964733444 

2 1.906328273 1.966819884 

2.5 1.908013089 1.964350011 

3 1.905182339 1.964531744 

3.5 1.904830536 1.960190185 

5 1.886681449 1.9259808 
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Below figures are showing that graphical interpretation of EMG fractal dimension variation 

due to increasing weight for subject 7. 

 

Fig.6.74 Fractal dimension variation due to increasing weight for EMG channel 1.

 

Fig.6.75 Fractal dimension variation due to increasing weight for EMG channel 2. 

TABLE:6.4.3.22: Calculate the fractal dimension of EMG signal due to increasing 

weight for Subject 8. 

WEIGHT HFD (CHANNEL  1) HFD (CHANNEL 2) 

0 1.908825199 1.90857979 

0.5 1.903109009 1.91995263 

1 1.881466091 1.913002078 

1.5 1.883579276 1.910840924 

2 1.88597235 1.914857945 

2.5 1.88597235 1.914857945 

3 1.881328621 1.914087124 

3.5 1.865454754 1.896206703 

5 1.865108231 1.904726257 
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Below figures are showing that graphical interpretation of EMG fractal dimension variation 

due to increasing weight for subject 8. 

 

Fig.6.76 Fractal dimension variation due to increasing weight for EMG channel 1. 

 

Fig.6.77 Fractal dimension variation due to increasing weight for EMG channel 2. 

 AVERAGE EMG FRACTAL DIMENSION: 

TABLE:6.4.3.23: Calculate the average fractal dimension of EMG signal due to 

increasing weight. 

WEIGHT AVG. HFD (CHANNEL1) AVG. HFD (CHANNEL 2) 

0 1.93 1.9416 

0.5 1.9304 1.9379 

1 1.9173 1.9315 

1.5 1.9181 1.9307 

2 1.9124 1.9277 

2.5 1.9097 1.926 

3 1.8856 1.9238 

3.5 1.9056 1.9192 

5 1.9 1.9076 
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Below figures are showing that graphical interpretation of EMG average fractal dimension 

variation due to increasing weight for all subjects together. 

 

Fig.6.78 Average Fractal dimension variation due to increasing weight for EMG channel 1 

 

Fig.6.79 Average Fractal dimension variation due to increasing weight for EMG channel 2. 

The findings from the above fractal analysis graph of EMG signal for all the subjects are: - 

 For channel 1 the fractal dimension decreased. In this R-Square value is 0.7857 which 

fits the graph into a 4
th

 order polynomial. 

 For channel 2 the fractal dimension decreased. In this R-Square value is 0.9966 which 

fits the graph into a 6
th

 order polynomial. 
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6.5 CORRELATION BETWEEN EVERY PAIR OF LEAD: 

TABLE:6.5.24: Correlation between every pair of lead – subject 1 

CORRELATION BETWEEN EVERY PAIRS OF LEAD – SUBJECT 1 

 C3-CZ 

& 

C4-CZ 

C3-CZ 

& 

CZ-REF 

C3-CZ 

& 

CH1 

C3-CZ 

& 

CH2 

C4-CZ 

& 

CZ-REF 

C4-CZ 

& 

CH1 

C4-CZ 

& 

CH2 

CZ-REF 

& 

CH1 

CZ-REF 

& 

CH2 

CH1  

& 

CH2 

0 0.9949 -0.8511 -0.0015 0.0100 -0.8459 -0.0010 0.0058 0.0244 -0.0213 -0.5677 

0.5 0.9923 -0.7738 -0.0111 -0.0507 -0.7536 -0.0176 -0.0401 -0.0241 0.0690 -0.5493 

1 0.9945 -0.8798 -0.0294 -0.0074 -0.8422 -0.0302 -0.0067 0.0254 0.0103 -0.5309 

1.5 0.9967 -0.8243 0.0178 -0.0146 -0.8082 0.0161 -0.0131 -0.0036 -0.0105 -0.6120 

2 0.9973 -0.8623 -0.0029 -0.0809 -0.8484 -0.0015 -0.0821 0.0039 0.0731 -0.5654 

2.5 0.9975 -0.8285 -0.0157 0.0113 -0.8159 -0.0162 0.0067 0.0340 0.0077 -0.4978 

3 0.9922 -0.7279 -0.0513 -0.1084 -0.7318 -0.0604 -0.1124 0.0692 0.1181 -0.2443 

3.5 0.9945 -0.8518 -0.0523 -0.0511 -0.8337 -0.0516 -0.0499 0.0440 0.0474 -0.3957 

5 0.9960 -0.8471 0.0103 -0.0392 -0.8198 0.0136 -0.0377 0.0108 0.0242 -0.3567 

 

TABLE:6.5.25: Correlation between every pair of lead – subject 2 

CORRELATION BETWEEN EVERY PAIRS OF LEAD – SUBJECT 2 

 C3-CZ 

& 

C4-CZ 

C3-CZ 

& 

CZ-REF 

C3-CZ 

& 

CH1 

C3-CZ 

& 

CH2 

C4-CZ 

& 

CZ-REF 

C4-CZ 

& 

CH1 

C4-CZ 

& 

CH2 

CZ-REF 

& 

CH1 

CZ-REF 

& 

CH2 

CH1 

& 

CH2 

0 -0.2787 -0.0855 -0.0172 -0.0759 0.2847 -0.0547 -0.0103 -0.0013 0.0589 -0.4153 

0.5 -0.3102 -0.1325 0.0273 -0.0656 0.0910 -0.0256 -0.0148 0.0499 -0.0516 -0.4225 

1 -0.5058 -0.2065 -0.0096 0.0461 0.2201 0.0008 0.0275 -0.0064 0.0992 -0.3438 

1.5 -0.3854 0.0398 -0.0226 -0.0374 0.0412 0.0341 0.0511 0.0147 -0.0315 -0.2136 

2 0.2661 0.1998 -0.0134 -0.0820 -0.1070 0.1182 -0.0551 -0.1321 0.0712 -0.2725 

2.5 -0.4503 0.3145 -0.0040 -0.0557 -0.0109 0.0212 0.0054 -0.0024 -0.0513 -0.2401 

3 -0.2909 0.1234 0.0380 0.0054 -0.2139 -0.1066 -0.0691 0.09461 0.0795 -0.2066 

3.5 -0.2595 0.2738 -0.0018 0.0327 -0.0545 0.0427 0.0235 -0.0284 -0.0054 -0.3046 

5 0.2401 -0.1078 -0.0319 -0.0426 0.0958 -0.0366 0.0530 -0.0347 -0.0171 -0.4150 
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TABLE:6.5.26: Correlation between every pair of lead – subject 3 

CORRELATION BETWEEN EVERY PAIRS OF LEAD – SUBJECT 3 

 C3-CZ 

& 

C4-CZ 

C3-CZ 

& 

CZ-REF 

C3-CZ 

& 

CH1 

C3-CZ 

& 

CH2 

C4-CZ 

& 

CZ-REF 

C4-CZ 

& 

CH1 

C4-CZ 

& 

CH2 

CZ-REF 

& 

CH1 

CZ-REF 

& 

CH2 

CH1 

& 

CH2 

0 0.1393 -0.1830 -0.0160 -0.0532 0.2293 0.0122 -0.0433 -0.0208 0.0480 -0.3710 

0.5 -0.3693 -0.1034 0.0616 -0.0188 -0.1553 -0.0906 0.0067 0.0585 -0.0186 -0.3173 

1 -0.0613 -0.0621 0.0137 0.1458 -0.1100 -0.1258 0.0431 -0.0196 0.1170 -0.2643 

1.5 -0.2015 -0.2664 -0.0010 0.0845 -0.1391 -0.0259 0.1182 0.0866 -0.0938 -0.2859 

2 -0.1802 -0.1193 0.0189 -0.0767 0.0110 0.0559 -0.0528 0.0354 0.0458 -0.2666 

2.5 -0.1367 -0.0532 0.0138 0.0379 0.2234 0.0358 -0.0496 -0.0620 -0.0478 0.0964 

3 0.1609 -0.3625 -0.0273 -0.0018 -0.2144 -0.0129 -0.0234 0.0446 -0.1111 -0.0841 

3.5 -0.2558 0.1667 0.0198 -0.0635 -0.2582 0.0440 -0.0810 -0.0423 -0.0291 0.1024 

5 0.0049 -0.1993 -0.1006 -0.0182 0.0221 -0.0011 0.0002 0.0562 0.0532 0.1840 

 

TABLE:6.5.27: Correlation between every pair of lead – subject 4 

CORRELATION BETWEEN EVERY PAIRS OF LEAD – SUBJECT 4 

 C3-CZ 

& 

C4-CZ 

C3-CZ 

& 

CZ-REF 

C3-CZ 

& 

CH1 

C3-CZ 

& 

CH2 

C4-CZ 

& 

CZ-REF 

C4-CZ 

& 

CH1 

C4-CZ 

& 

CH2 

CZ-REF 

& 

CH1 

CZ-REF 

& 

CH2 

CH1 

& 

CH2 

0 0.9791 0.0328 0.0047 -0.0149 0.0871 0.0085 -0.0119 0.0015 0.0152 0.7562 

0.5 0.9788 0.4001 -0.0458 -0.0150 0.5138 -0.0351 -0.0184 0.0207 -0.0066 0.6351 

1 0.9753 -0.5724 0.0954 0.0271 -0.5115 0.1062 0.0313 -0.0372 -0.0361 0.5489 

1.5 0.9273 -0.6438 0.0696 0.0672 -0.5766 0.0822 0.0591 -0.0309 -0.0297 0.4743 

2 0.9565 -0.7458 -0.0027 0.0030 -0.6849 -0.0077 -0.0073 0.0144 -0.0024 0.4347 

2.5 0.9771 -0.7075 -0.0347 0.0720 -0.6233 -0.0306 0.0775 0.0156 -0.1107 0.4468 

3 0.7162 -0.7325 0.0181 0.0739 -0.4735 0.0114 0.0398 -0.0245 -0.0988 0.3728 

3.5 0.9713 -0.4395 -0.0501 -0.0508 -0.3727 -0.0431 -0.0542 0.0044 -0.0203 0.3500 

5 0.8171 0.1080 0.0406 -0.0161 0.0447 0.0470 -0.0208 -0.0265 0.0270 0.3251 
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TABLE:6.5.28 Correlation between every pair of lead – subject 5 

CORRELATION BETWEEN EVERY PAIRS OF LEAD – SUBJECT 5 

 C3-CZ 

& 

C4-CZ 

C3-CZ 

& 

CZ-REF 

C3-CZ 

& 

CH1 

C3-CZ 

& 

CH2 

C4-CZ 

& 

CZ-REF 

C4-CZ 

& 

CH1 

C4-CZ 

& 

CH2 

CZ-REF 

& 

CH1 

CZ-REF 

& 

CH2 

CH1 

& 

CH2 

0 0.1976 0.3541 -0.0193 0.0047 0.1367 -0.0039 0.0284 -0.0825 -0.0226 0.7626 

0.5 0.2203 -0.7506 -0.0169 0.0004 -0.0197 -0.0768 -0.0362 -0.0758 -0.0519 0.7678 

1 0.1400 -0.3424 -0.0345 0.0266 0.0566 -0.0312 -0.0172 0.0239 0.0292 0.7688 

1.5 0.4925 -0.2219 -0.0226 0.0116 0.2701 -0.0126 0.0072 -0.0319 -0.0514 0.7961 

2 0.1231 -0.5690 -0.0470 -0.0459 0.3404 -0.0412 -0.0873 0.0905 0.1042 0.7756 

2.5 0.1481 -0.1036 0.0100 0.0607 0.0345 0.0613 0.0663 0.0059 -0.0105 0.7636 

3 0.4210 0.1699 0.0440 0.0411 0.1260 -0.0010 0.0123 0.0356 0.0389 0.7784 

3.5 0.5989 -0.2019 -0.0184 0.0412 0.0255 -0.0096 0.0182 0.0745 0.1001 0.7215 

5 -0.0993 0.5834 -0.0144 -0.0091 -0.2021 -0.0050 -0.0098 0.0090 0.0257 0.7154 

 

TABLE:6.5.29: Correlation between every pair of lead – subject 6 

CORRELATION BETWEEN EVERY PAIRS OF LEAD – SUBJECT 6 

 C3-CZ 

& 

C4-CZ 

C3-CZ 

& 

CZ-REF 

C3-CZ 

& 

CH1 

C3-CZ 

& 

CH2 

C4-CZ 

& 

CZ-REF 

C4-CZ 

& 

CH1 

C4-CZ 

& 

CH2 

CZ-REF 

& 

CH1 

CZ-REF 

& 

CH2 

CH1 

& 

CH2 

0 0.3870 -0.8414 -0.0253 -0.0225 0.0598 -0.0630 0.0470 0.0014 0.0449 -0.5284 

0.5 -0.0328 -0.7579 -0.0374 0.0424 0.3291 -0.0056 0.0644 0.0228 -0.0528 -0.4130 

1 0.1407 -0.8655 0.0047 0.0637 0.1838 0.01882 0.0038 -0.0060 -0.0420 -0.2664 

1.5 -0.3924 -0.9071 0.0283 0.0581 0.6460 0.0789 -0.0305 0.0192 -0.0465 -0.2429 

2 -0.4380 -0.9228 -0.0167 -0.0823 0.6121 0.0492 0.0512 0.0474 0.0938 -0.2116 

2.5 0.0613 -0.7723 -0.0791 0.0526 0.3786 0.0620 0.0412 0.1114 0.0286 -0.2669 

3 -0.3494 -0.8016 -0.0358 -0.0164 0.6669 0.0018 0.0124 0.01026 0.0248 -0.2254 

3.5 0.0866 -0.8792 0.0296 0.0087 0.2376 0.0148 -0.0079 -0.0406 -0.0171 -0.1981 

5 0.8820 -0.3923 -0.0252 -0.04432 0.00819 0.0328 -0.0112 0.0939 0.0935 -0.2620 
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TABLE:6.5.30: Correlation between every pair of lead – subject 7 

CORRELATION BETWEEN EVERY PAIRS OF LEAD – SUBJECT 7 

 C3-CZ 

& 

C4-CZ 

C3-CZ 

& 

CZ-REF 

C3-CZ 

& 

CH1 

C3-CZ 

& 

CH2 

C4-CZ 

& 

CZ-REF 

C4-CZ 

& 

CH1 

C4-CZ 

& 

CH2 

CZ-REF 

& 

CH1 

CZ-REF 

& 

CH2 

CH1 

& 

CH2 

0 0.0801 -0.3779 0.0660 0.0505 0.1148 -0.0054 -0.0227 -0.1056 -0.0602 0.6672 

0.5 -0.0188 -0.3244 0.0037 -0.0161 0.2899 -0.0099 0.0012 0.0203 0.0486 0.6458 

1 0.0805 -0.2227 -0.0441 -0.0127 0.3766 -0.0583 -0.0635 0.0273 0.0590 0.71487 

1.5 0.2291 -0.3116 -0.0197 -0.0789 0.1541 -0.0767 -0.0703 -0.0408 -0.0167 0.6698 

2 0.1266 -0.3211 0.0188 0.0518 0.2174 0.0266 0.0760 0.08482 0.0109 0.6544 

2.5 0.0451 -0.4482 -0.0425 -0.0403 0.0933 -0.0214 0.0300 0.0290 0.0036 0.6379 

3 -0.0041 -0.2607 -0.0052 -0.0141 0.1961 -0.0152 -0.0768 0.0171 0.0064 0.5860 

3.5 0.0436 -0.3045 -0.0376 -0.0634 0.0947 -0.0549 -0.0464 0.0711 0.0402 0.6114 

5 0.2644 -0.2459 0.0138 0.0268 0.0152 -0.01704 0.0165 -0.0706 -0.0611 0.8534 

 

TABLE:6.5.31: Correlation between every pair of lead – subject 8 

CORRELATION BETWEEN EVERY PAIRS OF LEAD – SUBJECT 8 

 C3-CZ 

& 

C4-CZ 

C3-CZ 

& 

CZ-REF 

C3-CZ 

& 

CH1 

C3-CZ 

& 

CH2 

C4-CZ 

& 

CZ-REF 

C4-CZ 

& 

CH1 

C4-CZ 

& 

CH2 

CZ-REF 

& 

CH1 

CZ-REF 

& 

CH2 

CH1 

& 

CH2 

0 0.2854 -0.1395 -0.0342 0.0067 -0.0475 0.0185 -0.0291 0.0377 0.0113 0.1226 

0.5 -0.1429 0.2071 0.0895 -0.0995 -0.6333 -0.0052 0.0539 -0.0136 -0.0116 0.2411 

1 -0.4397 -0.3367 0.0118 -0.0716 0.3358 0.0021 0.0455 -0.0313 -0.0675 0.2012 

1.5 -0.5277 -0.2821 -0.0442 -0.0497 0.0642 -0.0073 0.0096 0.0403 0.0107 0.0949 

2 -0.4603 -0.0715 -0.0021 0.0423 0.2007 0.0086 -0.0504 0.1033 -0.0523 0.0648 

2.5 -0.2889 0.0487 0.0491 -0.0500 -0.3675 -0.0152 0.0012 0.0287 -0.0068 0.2502 

3 0.1105 -0.3045 0.0148 0.0502 -0.0952 0.0259 0.0245 0.0577 0.0034 0.1452 

3.5 -0.4328 -0.0499 0.0485 0.0349 -0.3493 0.0662 0.0185 -0.0011 -0.0199 0.0335 

5 -0.6026 -0.0380 0.0868 -0.0139 0.2385 -0.0800 0.0536 0.0213 -0.0746 0.0098 
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6.6 ANOVA RESULT FOR AVERAGE CORRELATION: 

TABLE:6.6.32: ANOVA on average correlation 

       

       SUMMARY 
      Groups Count Sum Average Variance 

  0.348129 8 1.566361 0.195795125 0.0029585 
  -0.26146 8 -2.67835 -0.33479375 0.010098013 
  

-0.00538 8 -0.019223 
-

0.002402875 0.00 
  -0.01182 8 -0.048124 -0.0060155 0.000445189 
  0.002408 8 -0.64641 -0.08080125 0.003155279 
  -0.01113 8 -0.023252 -0.0029065 0.00037566 
  

-0.00455 8 -0.018137 
-

0.002267125 0.000369236 
  -0.01815 8 0.117819 0.014727375 0.000192244 
  0.009294 8 0.025717 0.003214625 0.000613838 
  0.053279 8 0.874593 0.109324125 0.000860055 
  

       
       ANOVA 

      Source of 
Variation SS df MS F P-value F crit 

Between Groups 1.344477615 9 0.149386402 78.16646634 0.00 2.01660069 

Within Groups 0.13377921 70 0.001911132 
   

       Total 1.478256825 79         
 

 

The findings from the above ANOVA testing: - 

 The p-value was less than 0.05, the significant level which accepts the alternative 

hypothesis and rejects the null hypothesis indicating that a significant variation exists 

between the electrode pairs. 
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CHAPTER 7 

DISCUSSION 

This chapter will throw light upon the above-mentioned experimental output in intricate and 

detailed manner. The interpretation from previous results is discussed. This experimentation 

was initiated from acquired EEG and EMG signal. 

 Discussion about denoising and analysis of Power spectral density: 

The first step in any bio signal analysis process is to remove artifacts from the signal. Signal 

denoising can be performed using various methods. But signal denoising using Wavelet 

Transform is a well-established and robust method to clean bio signals from unwanted noise. 

Here 1-D signals are used that is why wavelet transform method has been chosen as 

denoising method because wavelet transform deals with 1-D signal. Fourier transform is used 

only in frequency domain signals, but wavelet is used for both time and frequency domain. 

Here, Daubechies mother wavelet has been used for filtering those signals. In this experiment 

db6 wavelet and decomposition level 10 is used to remove noise from the signals. The 

objective of the denoising process was to suppress high frequency components and eliminates 

unwanted noise from the signal. Manual thresholding was used, and the thresholds were 

selected based on trial and error. The signals were visually inspected and the threshold values 

corresponding to minimal noise and maximal signal quality were selected. Power Spectral 

Density (PSD) were plotted before and after the denoising process to ensure high frequency 

components are suppressed in the denoised signal. The major components of the EEG signal 

are concerned in the low frequency region. Hence, the low frequency components carry the 

more information and higher frequency components can be noise. By performing power 

spectral density before and after removing denoising we can see that after denoising, the 

power of high frequency components has been reduced, without hampering the signal quality. 

Hence, the denoising process can be successful. Corresponding, graphs were given in the 

results section. 
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 Discussion about EMG muscles band power variation due to changing weights: 

 The average EMG band power variation from channel 1 with respect to varying load 

is seen in fig.6.19. Here, it is clearly visible that when the weight varies from 0 kg to 5 

kg, the band power of the muscles increases gradually. After 3.5 kg when 5 kg weight 

is applied then suddenly muscles feels more stressed which is signified by the shape 

increase in band power from 3.5 kg to 5 kg. Overall average muscle band power 

variation for channel 1, as seen from the graph in result section follows a 3
rd

 order 

polynomial equation and R-Square value obtained from the graph fits the muscle band 

power graph into a 3
rd

 order polynomial equation. 

 The average muscle band power variation with respect to varying load for channel 2 is 

seen in fig.6.20. Here, it is clearly visible that when weight varies from 0 kg to 5 kg, 

the muscles feel stressed and band power increases. Overall, average muscle band 

power variation for channel 2, as seen from the graph in result section follows a 6
th 

order polynomial equation and R-Square value obtained from the graph fits the 

muscle band power graph into a 6
th

 order polynomial equation. 

 Thus, from the muscle band power variation it is observed that when subjects were 

lifting different load, that time biceps muscle and forearm muscles feel stressed and 

the band power gradually increased. Also, the biceps muscles were more stressed 

while lifting a heavy weight so a sharp increase in band power is observed when the 

weight changed from 3.5 kg to 5 kg. 

 

 Discussion about EEG alpha band, beta band power variation due to changing 

weights: 

 

 The average alpha band power showed that the power is increasing from 0 kg to 5 kg. 

There are fluctuations present in the graph for the weights of 0.5 kg, 1 kg, 1.5 kg, 2 

kg, 2.5 kg, 3 kg, 3.5 kg. Overall, alpha band power variation, as seen from the graph 

in result section follows a 6
th 

order polynomial equation and R-Square value obtained 

from the graph fits the alpha band power graph into a 6
th

 order polynomial equation. 
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 An increasing alpha power signified that for all the subjects there is no direct 

connection between the alpha power and the lifting of weight. But there is obviously 

some indirect connection between the alpha power and the lifting of weight.  

 The average beta band power graph showed that the power is increasing from 0 kg to 

5 kg. There are fluctuations present in the graph for the weights of 0.5 kg, 1 kg, 1.5 

kg, 2 kg, 2.5 kg, 3 kg, 3.5 kg. Overall, beta band power variation, as seen from the 

graph in result section follows a 6
th 

order polynomial equation and R-Square value 

obtained from the graph fits the beta band power graph into a 6
th

 order polynomial 

equation. 

 An increasing beta power signified that for all the subjects the lifting of weights 

required same force.  The application of force was not subjective in nature. 

 

 Discussion about the change in fractal dimension with respect to varying load: 

As human body is nonlinear, the fractal analysis which is totally based on nonlinear studies is 

done. The change of fractal dimension of EMG and EMG signal with varying load is 

discussed.   

 Discussion about the change in fractal dimension with respect to varying load for 

EEG signal: 

 

 The average fractal dimension variation for EEG signal from transverse bipolar 

montage (lead C3-CZ, C4-CZ) with respect to varying load is seen in fig. 6.59, 

fig.6.60. Here, it is clearly visible that when weight increases from 0 kg to 5 kg fractal 

dimension decreases. Overall, fractal dimension variation, as seen from the graph in 

result section follows a 6
th 

order polynomial equation and R-Square value obtained 

from the graph fits the fractal dimension variation graph into a 6
th

 order polynomial 

equation. 

 

 The average fractal dimension variation for EEG signal from referential montage 

(lead CZ-REF) with respect to varying load is seen in fig.6.61. Here, it is clearly 

visible that when weight increases from 0 kg to 5 kg fractal dimension increases. 

Overall, fractal dimension variation, as seen from the graph in result section follows a 
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6
th 

order polynomial equation and R-Square value obtained from the graph fits the 

fractal dimension variation graph into a 6
th

 order polynomial equation. 

 In case of transverse bipolar montage, due to the varying weights the underlying 

center of brain gets activated for working based on the weight stimulus. For this the 

fractal dimension decreased in complexity.  

 

 In case of referential montage, due to the varying weights the underlying center of 

brain sends various messages to the other centers for working based on the weight 

stimulus. For this the fractal dimension rose in complexity.  

 

 Discussion about the change in fractal dimension with respect to varying load for 

EMG signal: 

 

 The average fractal dimension with respect to varying load for channel 1 is seen in 

fig.6.78. Here, it is clearly visible that when weight increases from 0 kg to 5 kg fractal 

dimension decreases. Overall, fractal dimension variation, as seen from the graph in 

result section follows a 4
th 

order polynomial equation and R-Square value obtained 

from the graph fits the fractal dimension variation graph into a 4
th

 order polynomial 

equation. 

 

 The average fractal dimension with respect to varying load for channel 2 is seen in 

fig.6.79. Here, it is clearly visible that when weight increases from 0 kg to 5 kg fractal 

dimension decreases. Overall, fractal dimension variation, as seen from the graph in 

result section follows a 6
th 

order polynomial equation and R-Square value obtained 

from the graph fits the fractal dimension variation graph into a 6
th

 order polynomial 

equation. 

 

 Due to varying weights the muscles of forearm and biceps act in a coordinated 

manner under the action of the weight stimulus and do not perform any random 

activity. For this fractal dimension shows a decreasing complexity. 
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 Discussion about the statistical analysis part: 

 

 To statistical analysis, a correlation between every pair of electrodes is made and it is 

seen that some pairs of electrodes show null correlation, whereas some are highly 

correlated, and some are negatively correlated. Now, we can link certain electrodes to 

specific methods using this methodology, but it would take considerably more 

analysis with far bigger data sets. As the correlation value is zero so it means that 

there exists a variation.  

 

 For finding this variation ANOVA was performed between the electrode pairs. The p- 

value was less than 0.05 the significant level which accepts the alternative hypothesis 

and rejects the null hypothesis indicating that a significant variation exists between 

the electrode pairs. 
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CHAPTER 8 

CONCLUSION 

The objective of this work is to study the dynamics of brain and arm muscles when different 

weights are applied on the arm. For this purpose, EEG signals and EMG signals are analyzed 

in different domains, namely frequency, time domain and using non-linear techniques like 

fractal analysis.  

This thesis is modeled to perceive how the activity of the brain and hand muscles perform 

when the load gradually increases. Preparatory to the analysis part, wavelet transform was 

studied. With the help of this, the higher frequency amplitude was suppressed which means 

that noise was removed from these signals. PSD was calculated for all channels in both 

signals. From PSD it is observed that the higher frequency has been suppressed. It is ensuring 

that the removal of the noise has been carried out from the signal. 

Then EMG muscles band power was calculated. From average muscles band power variation 

for both channels it is observed that when subjects were lifting different load, that time biceps 

muscle and forearm muscles feel stressed and the band power gradually increased. Also, the 

biceps muscles were more stressed while lifting a heavy weight so a sharp increase in band 

power is observed when the weight changed from 3.5 kg to 5 kg. 

Then in the next analysis part which is the change of EEG alpha and beta band power, when 

the load gradually increases from lower to higher. From the average alpha band power 

variation for leads it is observed that alpha power increased. This signifies that for all the 

subjects there is no direct connection between the alpha power and the lifting of weight. But 

there is obviously some indirect connection between the alpha power and the lifting of 

weight.  

From the average beta band power variation for leads it is observed that beta power 

increased. An increasing beta power signified that for all the subjects the lifting of weights 

required same force.  The application of force was not subjective in nature. 

In fractal analysis basically, nonlinear dynamics was studied because human body is 

nonlinear. Here, Higuchi's algorithm was used for calculating this fractal dimension for both 

signals. 
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For nonlinear analysis of EEG signal fractal dimension is done. It is observed that in case of 

transverse bipolar montage, the fractal dimension decreased in complexity. This is because 

the underlying center of brain gets activated for working based on the weight stimulus. In 

case of referential montage, the fractal dimension rose in complexity. This is because the 

underlying center of brain sends various messages to the other centers for working based on 

the weight stimulus. 

For nonlinear analysis of EMG signal fractal dimension is done. For both the channels fractal 

dimension value decreases. This is because the muscles of forearm and biceps act in a 

coordinated manner under the action of the weight stimulus and do not perform any random 

activity. For this fractal dimension shows a decreasing complexity. 

From the ANOVA results of correlation analysis, it is evident that there is a significant 

change between the electrode pairs with varying weights. 
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CHAPTER 9 

FUTURE SCOPE 

 

In biomedical industry grows gradually as well as biomedical related product price also 

decreases gradually which is more pocket friendly for all. Similarly in clinical application lots 

of medicine designed with the help of previous record of work. Now a day highly 

demandable biomedical instrument is prosthetic hand or leg etc. Prosthetic related 

instruments also be upgraded gradually by the help of previous and ongoing project data. So 

that’s why from this study some important pattern has been found which is good for upgraded 

prosthetic arm making software which price is also cheap and easy way to use. In future 

machine learning or artificial intelligence can be used on this data for getting success.  
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