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ABSTRACT  

Muscle fatigue is the main reason that affects different types of movement applications such 

as in post-stroke therapy to exercise. Fatigue limits movement, impedes functionality in the 

limbs and is manifested as weakness which limits an individual from carrying out day to day 

activities. Therapeutic treatment and recovery in muscular dysfunction following a disease or 

injury is often evaluated qualitatively by health professionals. As such, quantitative measures 

to evaluate muscle performance, and changes in muscle performance over-time for clinical 

applications are not currently available. Notably, there are limited studies that quantifies the 

muscle fatigue changes with regular exercise. In this study, the aim is to quantify muscle 

fatigue by examining Electromyograms of healthy individuals who are subjected to a long 

term, periodic hypertrophy based exercise routines using a consistent load. It will be 

demonstrated that a time-constant can be constructed to measure progress of muscle activity 

based on the exercise. The goal is to develop a quantifiable measure that can classify fatigue 

over a short term and long term basis to further understand how it manifests and changes 

over time. Also, it is of interest to compare and study the change in muscle performance of 

different individuals following the same exercise routine. Furthermore, the future scope of the 

obtained muscle performance data is to develop a muscle performance metric that can be 

used to optimize therapeutic interventions and to design tailor made therapies for hitting 

performance goals based on exercise strategies. 
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CHAPTER 1 

INTRODUCTION 

Muscle fatigue is a common complaint in a wide range of people. Muscle injury is very 

common in athletes. Rehabilitation of the muscle injury caused by any reason is done with 

the combination of various clinical method suggested by the clinicians which is generally 

patient condition specific. A Study reports a large number of people, around 125 million, in 

the United States experiencing musculoskeletal disorder [1]. The recovery time for the 

muscles is very slow. There are many qualitative methods to test muscle rehabilitation. 

One of the effects of muscle injury is muscle fatigue. Muscle fatigue can also be caused 

due to stroke. Fatigue significantly affects stroke patients in not only their day to day 

activities, [2] but also as a significant detrimental factor that affects recovery time and 

rehabilitation, as reported in previous study [3]. 

Previous studies have examined muscle activity in order to detect fatigue. Electromyogram 

is recorded and analyzed from the target muscle group to examine muscle activity. Our 

earlier proof of concept studies on this topic have demonstrated that EMG activity during 

exercise can be used to measure short-term and long-term fatigue trends [4]. For example, 

endurance based exercises of the triceps and biceps showed increased EMG RMS as the 

exercise continues across one or more sets [5] In addition, after regularly performing the 

same resistance training over a 4-month period, overall EMG RMS trends went down, 

indicating a reduction of EMG power and thus a resistance to fatigue in the muscle fibers 

being isolated in the exercise. This demonstrated that the slope of the fatigue-resistance 

1 



 
 

            

       

        

 

              

       

        

        

   

  

  

  

  

  

  

  

  

  

 

 

  

can be used as a metric to indicate the rate (or time-constant) of the muscle’s progression 

in hypertrophy training or anti-fatiguing. Only time domain analysis is performed on the 

data as the data set is rectified and filtered, as frequency domain analysis is done on raw 

EMG data. 

This study is novel as the goal is to determine the long term effects of hypertrophy based 

resistance exercise on anti-fatiguing properties of the muscle using surface EMG signals. 

The study shows anti-fatiguing behavior in a muscle as a decrease in average EMG power 

over a period of four months, whilst short-term fatigue manifests as an increase in the 

average power of the EMG signal. 
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CHAPTER 2 

BACKGROUND 

2.1 MUSCLE 

The main function of the muscular system is to maintain a posture, locomotion, and to 

control various circulatory systems. Movement is a fundamental component of life. When 

humans move, muscles are the tissues responsible for producing movement in the human 

body [6]. The muscles in a human’s body have evolved into complex mechanisms that 

take many different forms and shapes. Muscle fibers can be divided into separate groups 

functionally and morphologically. Functionally muscle tissues can be divided as 

voluntarily and involuntarily controlled muscles. Morphologically muscle tissues can be 

divided as striated and non-striated muscles. These classifications describe three 

different muscle types. Skeletal muscle which is striated and voluntary muscle. Cardiac 

muscle which is striated and involuntary and Smooth muscles which are non-striated and 

involuntary. Skeletal muscle is a classic example of a biological structure-function 

relationship. Skeletal muscle is tailored for force generation and movement at both micro 

and macro level. The most fundamental function of muscles is that they can contract. 

When they contract they physically shorten, and they exert a force on the surrounding 

tissues causing the structures to pull closer together. Skeletal muscles are attached to 

the skeleton via tendons and are the main motor units which is used in our body to move 

its components [7]. Skeletal muscles also have an important property that they are the 

only muscles in our body that can be voluntarily controlled. Thus when a person wants to 

perform a movement task, the muscles can be activated consciously to perform the 
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desired activity. There are many types of skeletal muscles in the body such as, slow 

twitch, fast fatigue resistant and fast fatigable, and these muscles types are dependent 

on the type of connection and the type of joint they are manipulating. Examples of skeletal 

muscles that move the forearm about the elbow joint and are thus important for this study 

include the Biceps Brachii. 

2.2 SKELETAL MUSCLE 

Skeletal muscles consist of various tissue integration such as skeletal muscle fibers, 

blood vessels, connective tissue and nerve fibers. Skeletal muscle has three layers of 

connective tissue called mysia. Mysia provides structure to the muscle and 

compartmentalize the muscle fibers (Figure 1). Epimysium is a sheath of dense 

connective tissue which wraps the muscle to maintain its structural integrity for muscle 

contraction and powerful movement. It also acts as a separator for muscle fibers from 

other tissues and organs to allow the muscle to move independently. 
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Figure 1: The Three Connective Tissue Layers. Bundles of muscle fibers, called fascicles, are 

covered by the perimysium. Muscle fibers are covered by the endomysium. 

Muscle fibers are organized into individual bundles called fascicle, inside each skeletal 

muscle. Middle layer of connective tissue is called the perimysium. Fascicle of the muscle 

allows the nervous system to trigger a particular subset if muscle fiber in the muscle 

bundle. Inside each fascicle, each muscle fiber is encased in a thin connective tissue layer 

of collagen and reticular fibers called the endomysium. The endomysium contains the 

extracellular fluid and nutrients to support the muscle fiber. These nutrients are supplied 

via blood to the muscle tissue. 

Every skeletal muscle is also richly supplied by blood vessels for nourishment, oxygen 

delivery, and waste removal. In addition, every muscle fiber in a skeletal muscle is supplied 

by the axon branch of a somatic motor neuron, which signals the fiber to contract. Unlike 

cardiac and smooth muscle, the only way to functionally contract a skeletal muscle is through 

signaling from the nervous system. 

2.3 SKELETAL MUSCLE FIBER  

Dimension of the skeletal muscle fiber can be up to 100 μm in diameter and 30 cm in length 

in the upper leg region. The plasma membrane of muscle fibers is called sarcolemma; 

sarcoplasm is the cytoplasm. The smooth sarcoplasmic reticulum is the smooth ER which 

stores, releases and retrieves calcium ions (Figure 2). Sarcomere is the functional unit of a 

skeletal muscle fiber. Sarcomere is an organized arrangement of the contractile myofilaments 

called actin and myosin which are called thin and thick filaments respectively, along with other 

protein’s. Each packet of these microfilaments and their regulatory proteins, troponin and 

tropomyosin (along with other proteins) is called a sarcomere. The region covered by thick 
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band is called A-band (Figure 2) and the region between two adjacent A-bands is called I-

band. Myosin filaments are held together by supporting proteins which appear as a vertical 

line through the middle of the A band and is called the M line. The Z line is a flat cytoskeletal 

disc that connects the thin filaments of adjacent sarcomeres [7]. 

Figure 2: Muscle Fiber. A skeletal muscle fiber is surrounded by a plasma membrane called the 

sarcolemma, which contains sarcoplasm, the cytoplasm of muscle cells. A muscle fiber is composed 

of many fibrils, which give the cell its striated appearance 

6 



 
 

     

  

        

       

             

 

            

             

     

     

           

       

         

       

          

        

           

            

     

2.4 MUSCLE MOVEMENT MECHANISM 

The structure of the myosin molecule is shown in Figure 3. The molecule is made up of 

two identical subunits twisted together. The myosin has two hinges, one around middle 

of the tail and other, at base of the head which are useful for a sliding motion during 

contraction. 

The heads of the myosin form a cross-bridge which can link the thick and the thin filaments 

together by a bonding activity. Each cross-bridge has an actin binding site and an ATP 

splitting (ATPase). Myosin molecules are arranged in a hexagonal pattern in 3D space 

around the length of the fiber to form the thick filament [7]. 

Figure 3 shows the structure of the thin filament. Like the myosin molecule, the thin 

filament also has two identical chains of spherical actin molecules. These chains are 

twisted together. In addition, the actin molecules have a binding site for attachment with 

the myosin molecule. The troponin molecule is a structure of three smaller molecules 

which along with the thread-like tropomyosin molecule runs alongside the twisted actin 

chain covering the binding sites [7]. The troponin- tropomyosin complex needs to be 

removed from binding sites in order for the cross bridges to bind to the actin molecule. 

This is accomplished by a release of Calcium ions in the muscle cell. The calcium ions 

bind to the troponin-tropomyosin, uncovering the binding sites. 
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Figure 3: The Sarcomere. 

2.5 THE NEUROMUSCULAR JUNCTION AND SPREAD OF ACTION POTENTIAL  

Neuromuscular junction is the site where the motor neuron’s terminal meets the muscle fiber. 

Signals received by the motor neurons are first responded at neuromuscular junction. Every 

skeletal muscle fiber is innervated by a motor neuron at neuromuscular junction. To 

functionally activate the muscle fiber to contact, excitation signals from neurons is the only 

way. Both neurons and skeletal muscle cells are electrically excitable, meaning that they are 

able to generate action potentials. An action potential is a special type of electrical signal that 

can travel along a cell membrane as a wave. This allows a signal to be transmitted quickly 

and faithfully over long distances. For a skeletal muscle fiber to contract, it’s membrane must 

be first excited or stimulated to fire an action potential. This phenomenon is termed as 
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excitation-contraction coupling. The muscle fiber action potential, which sweeps along the 

sarcolemma as a wave, is “coupled” to the actual contraction through the release of calcium 

ions (Ca++) from the sarcoplasmic reticulum. Once released, the Ca++ interacts with the 

shielding proteins, forcing them to move aside so that the actin-binding sites are available for 

attachment by myosin heads. The myosin then pulls the actin filaments toward the center, 

shortening the muscle fiber. In skeletal muscle, this sequence begins with signals from the 

somatic motor division of the nervous system. In other words, the “excitation” step in skeletal 

muscles is always triggered by signaling from the nervous system (Figure 4). Signal travels 

when a neuronal action potential runs along the axon of a motor neuron, then individual 

branches to terminate at the neuromuscular junction. A chemical neurotransmitter called 

acetylcholine (ACh) is released at neuromuscular junction. The ACh molecules diffuse across 

a minute space called the synaptic cleft and bind to ACh receptors located within the motor 

end-plate of the sarcolemma on the other side of the synapse. Once ACh binds, a channel in 

the ACh receptor opens and positively charged ions can pass through into the muscle fiber, 

causing it to depolarize, meaning that the membrane potential of the muscle fiber becomes 

less negative (closer to zero.) As the membrane depolarizes, another set of ion channels 

called voltage-gated sodium channels are triggered to open. Sodium ions enter the muscle 

fiber, and an action potential rapidly spreads (or “fires”) along the entire membrane to initiate 

excitation-contraction coupling. All there are very fast process. Immediately following 

depolarization of the membrane, it repolarizes and regains its negative membrane potential. 
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Figure 4: Motor End-Plate and Innervation. At the NMJ, the axon terminal releases ACh. The motor 

end-plate is the location of the ACh-receptors in the muscle fiber sarcolemma. When ACh molecules 

are released, they diffuse across a minute space called the synaptic cleft and bind to the receptors. 
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2.6 SLIDING MECHANISM 

For the action potential to reach the membrane of the sarcoplasmic reticulum, there are 

periodic invagination in the sarcolemma called T-tubules. The arrangement of a T-tubule 

with the membranes of SR on either side is called a triad (Figure 5). The triad surrounds 

the cylindrical structure called a myofibril, which contains actin and myosin. The T-tubules 

carry the action potential into the interior of the cell, which triggers the opening of calcium 

channels in the membrane of the adjacent SR, causing Ca++ to diffuse out of the SR and 

into the sarcoplasm. It is the arrival of Ca++ in the sarcoplasm that initiates contraction of 

the muscle fiber by its contractile units, or sarcomeres. 

Figure 5: The T-tubule. Narrow T-tubules permit the conduction of electrical impulses. The SR 

functions to regulate intracellular levels of calcium. Two terminal cisternae (where enlarged SR 

connects to the T-tubule) and one T-tubule comprise a triad—a “threesome” of membranes, with 

those of SR on two sides and the T-tubule sandwiched between them. 
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2.7 MOTOR UNIT 

A motor neuron and the muscle fiber innervated are collectively called a motor unit (MU) 

[7]. A motor neuron can innervate more than one muscle fiber but a muscle fiber can only 

be innervated by a single motor neuron. The neuron receives the ‘message’ that it should 

activate, and an action potential is triggered in the neuron which travels down its axon. 

Action potential excites the neuromuscular junction causing it to contract. The activity in 

the MU is defined by the frequency of action potential. To stimulate more muscle fibers 

within the muscle multiple MU’s can be activated. As shown in Figure 6, different MUs can 

fire at different frequencies and different amplitudes. The superimposed surface signal is 

called the motor unit action potential (MUAP). A recorded EMG, is the sum of these signals’ 

amplitude and frequency content as observed by the sensor [8]. 

Figure 6: Motor Unit recruitment and EMG signal. (a) EMG signal is the 
superimposed action potentials of all the active motor units; (b) Example 
of a surface EMG. 

2.8 MUSCLE FATIGUE AND MOTOR UNIT RECRUTMENT 

The muscle movement mechanism is fueled by splitting up an ATP (Adenosine 

Triphosphate) molecule into ADP (Adenosine Diphosphate) and Pi (Inorganic Phosphate) 

in the presence of oxygen, which releases energy [7]. But, there is a limit on how much 
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oxygen the respiratory and cardiovascular system can deliver to the muscles [7]. During 

high intensity exercises and cases of limited oxygen supply, the energy for the muscles is 

supplied by a process called as glycolysis. In this process, energy is supplied by reducing 

glucose to pyruvate accompanied by the liberation of ATP molecules and a byproduct 

Lactate [7]. The buildup of lactate in the muscles causes soreness and fatigue [9]. When 

individual muscle fibers fatigue, the body’s strategy to counteract a reduction in force 

output from the contraction of these fibers, is to recruit more MUs to excite more muscle 

fibers. Thus, more muscle fibers become active as the muscle fatigues. To understand the 

way MUs are actually recruited, first consider that there are 3 distinct types of motor units: 

slow twitch(s) (S), fast-twitch resistant (FR) and fast-twitch fatigable (FF). Slow twitch MUs 

have a smaller motor neuron, a lower threshold for activation, and a lower force production 

as compared to the other two types. The FR MUs have high contraction/relaxation speeds 

and are more fatigue resistant (due to where it gets its energy from). Whilst, the FF MUs 

have the greatest force production, and fastest contraction/relaxation speed. 

2.9 EMG 

The electromyogram (EMG) signal is the superimposed signal of action potentials from all 

the MUs observed at the surface of the muscle [10]. It contains all the useful muscle activity 

data which can be extracted using signal processing techniques for analyzing muscle 

conditions like fatigue and growth. The EMG signal can be detected using invasive or 

noninvasive sensor. The EMG amplitude generally varies from 0-10 mV (peak to peak) 

[11]. Due to the low voltages, the signal is generally amplified to be used for data analysis 

and the amplification factor is chosen considering the required resolution of the data. 

Based on what muscle is under consideration, or the expected muscle voltage outputs, the 
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gain parameter of the amplifier can be chosen. The frequency of the EMG signal lies in the 

range 0-500 Hz [12]. The EMG signal bandwidth is useful in choosing the EMG frequency 

range to be analyzed. 

This EMG signal is a function of time and also can be described in terms of amplitude, 

frequency and phase. Studies have analyzed the EMG signal for muscle fatigue based 

on the following parameters: 1) changes in amplitude [11] [13]; 2) shift of mean and 

median power frequencies of the EMG signal [14] [15]; 3) changes in shape of the MUAP 

[11]; 4) duration of MUAP [11]; 5) conduction velocity of the AP [11]. 

2.10 EMG SENSORS 

There are two types of EMGs, intramuscular and surface. Intramuscular EMGs are detected using 

an invasive sensor and surface EMGs are detected using non-invasive sensors. 

INVASIVE SENSOR  

In invasive EMG measurement, the signal is measured from inside the muscle fiber. It usually 

consists of a needle electrode surgically inserted inside the muscle tissue. This technique can 

be useful in detecting individual muscle fiber action potential [14]. Generally, invasive sensors 

are very accurate but uncomfortable due to their surgical dependency. Needle electrodes use 

the bare tip of a needle as detecting surface. The advantages of this type of electrode are 

that, it can be used to detect MUAP of individual MUs and also be conveniently repositioned 

once inserted into the muscle, to explore new regions of the tissue [15]. Wire electrodes are 

very fine and easily implantable in skeletal muscles. They are also less painful then needle 

electrodes [15]. 
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NON-INVASIVE SENSOR 

Surface electrodes are used to measure EMG signal when non-invasive sensor is used. The 

signal measured is composed of all muscle fiber action potentials occurring in the muscles 

beneath the skin [14]. The skin acts as a low pass filter, so the surface EMG detected is 

lowpass filtered. The surface electrodes are preferred than the invasive electrodes as they 

do not cause any pain or discomfort, but are consequently less accurate and have a higher 

noise density.These electrodes can be further classified into gel (wet), and dry electrodes. 

Gel electrodes use a gel electrolytic substance, generally Ag-AgCl, between the electrode 

and the skin. The AgCl layer allows the current to pass more freely across the junction 

between electrolyte and electrode [15].Dry electrodes are heavier as compared to gelled 

electrodes and often have problems in fixing the device on the skin, or for the electrode to 

stay in place. Hence gelled electrodes are generally preferred over dry electrodes [15].The 

surface electrodes can be further classified based on their configuration. For example, 

monopolar and bipolar electrodes 
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CHAPTER 3 

LITERATURE REVIEW 

In the past twenty years, there has been a need to quantify muscle fatigue utilizing various 

methods and techniques for a wide range of applications [16]. Generally, researchers 

have attempted to identify muscle fatigue by observing the power spectrum of surface 

EMGs, where the mean frequency (MNF) decreases during the process [17-20]. However, 

this phenomenon is used to detect the onset of muscle fatigue rather than to quantify the 

actual value. In fact, muscle fatigue itself is rather a subjective expression [18] and varies 

among individuals, where its value is not measureable directly. Therefore, quantification of 

muscle fatigue remains a challenging topic [21]. 

A study conducted by researchers from University Teknologi Malaysia in 2014 

demonstrated that the average muscle force can be estimated by correlating EMG voltage 

amplitude with a linear estimation of a full-wave rectification method. Referring to this as 

the IEMG, the equation obtained from the correlation was used for estimation of the 

muscle’s force. These findings can be integrated to design a muscle force model based on 

the biceps muscle [22]. 

Another study was conducted in an attempt to validate surface EMG signals to quantify 

muscle fatigue during repetitive tasks. Their results support the use of muscle power 

frequency (MPF) values from surface EMG signals recorded during dynamic contractions to 

quantify fatigue of the biceps brachii muscle. The proposed methodology can be used to 

monitor fatigue continuously throughout a dynamic movement [23]. 
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HYPOTHESIS 

In this study, it is proposed that the muscle performance can be quantified by examining the 

anti-fatiguing properties of a muscle when performing hypertrophy based exercises. Based 

on EMG activity in the muscles, the rate of change of muscle fatigue can be defined by a time 

constant that characterizes the rate of fatiguing (db per second). A previous feasibility study 

has demonstrated that the slope of EMG power gain/loss changes with respect to time 

following a unique exercise routine [5]. It is hypothesized that this slope is a measurable 

performance metric that can be modified (e.g., steepness of slope) based on an individual’s 

exercise routine. The steeper the positive power slope, the faster the rate of muscle fatigue 

onset; i.e. the rate of muscle fatigue is directly reflected in the power slope trend. The 

amplitude change can happen due to few different reasons, due to recruitment of additional 

motor units due to fatigue to generate the same amount of force but can also be due to more 

synchronized motor unit recruitment. A study done by Dr Dutta on Non-linear analysis on 

EMG states that the synchronized motor unit recruitment is a pathology in paretic muscles 

that worsens with fatigue. So, it is hypothesized believe that both the additional motor unit 

recruitment as well as motor unit synchronization is playing a role here. It is expected that 

this trend will be supported in an inter-subject exercise study, where a metric can be 

developed to quantify muscle performance. Similarly, the rate of change of this fatigue onset 

(dB per day) will provide a long term outlook on fatigue resistance after repetitive training. It 

is expected that these time constants will be unique to the type of exercise performed. There 

is, to our knowledge, no existing system or method that can provide a metric of muscle fatigue 

for clinical, rehabilitation or athletic purposes. 
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CHAPTER 4 DEVICE 

To acquire EMG data from the subjects a custom data acquisition device was designed for 

the application. The device consisted of an EMG sensor, Microcontroller, Bluetooth shield 

and power supply (Figure 7).  

Figure 7: Device setup 
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4.1. EMG SENSOR – Muscle Sensor V3 (Advancer Technologies) 

The EMG sensor used was the Myoware Muscle Sensor (Advancer Technologies LLC, 

USA). It is a Three-lead differential Muscle/Electromyography sensor with configuration 

shown in Figure 8. It has two active (measuring) electrodes, while the reference electrode 

standardizes a common reference, or ground, with respect to which the measurements 

are made. The reference electrode is placed exterior to the muscle in consideration and 

usually on a non-excitable object like a bone or joint. 

The Muscle Sensors V3 require a dual power supply of 9 volts (+Vs and –Vs ) which is 

supplied using batteries. It requires a supply current of about 9 mA. A potentiometer can also 

be found on board (range: 0.01Ω to 100 KΩ) which can be adjusted to vary the signal gain 

as required. The Muscle Sensor V3 does not output a RAW EMG signal but rather an 

amplified, rectified, and smoothed signal that will work well with a microcontroller’s analog-to-

digital converter (ADC). The device has a 3.5mm cable port where a long cable connector is 

connected to the measuring electrodes. Since the connector is long, the degree of freedom 

to place of the electrodes on different positions to find the optimal signal acquisition is useful. 

A similar EMG sensor was also considered for use: Myoware (Advancer Technologies 

LLC, USA). The only disadvantage of the sensor was the electrode connector length. Due 

to the small length of the electrode connector, finding the optimal placement to acquire 

good signal data was difficult. 
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Figure 8: Myoware (Advancer Technologies LLC, USA) 

4.2. MICROCONTROLLER – Arduino Pro Mini 328. 

The microcontroller used in this study is the Arduino Pro Mini 328 (5 V, 16 MHz). The 

Arduino Pro Mini is compact in size with a length of 18 mm and width of 33 mm. Moreover, 

its light weight (2 grams) makes it conveniently wearable. This microcontroller has 14-

Analog input/output pins. Also, a six pin header can be connected to an FTDI cable or 

Sparkfun breakout board to provide USB power and communication to the board. It can 

be easily powered with the USB connected to a computer or even a 9V battery making it 

easily portable. The Arduino output values are in the range 0-5 V. It has a 10-bit analog 

to digital converter (ADC) which implies that the 0-5 V are mapped from 

0-1023. This sets the resolution of the output to 4.9 mV. 

20 



 
 

                                          

                                              

      

       

     

    

            

          

        

             

   

  

Figure 9: Arduino Pro Mini  

4.3. BLUETOOTH SHIELD – Bluefruit EZ-Link Breakout 

The Bluefruit EZ-Link is a regular 'SPP' serial link client device, that can pair with any 

computer or tablet and appear as a serial/COM port (except iOS as iOS does not permit 

SPP pairing). The EZ-Link can automatically detect and change the serial baud rate. For 

example, if the COM port is opened on a computer at 9600 baud, the output will be set 

automatically to 9600. This occurs without user instruction inside the RF module. The 

baud rate connection set up for this study was 9600 which means that the data 

transmission rate between Bluetooth and the laptop was 9600 bits of data in one second. 

Transmission time of the data thus depends on the file size. 
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Figure 10: Bluefruit EZ-Link Breakout 

4.4 POWER SUPPLY 

The 9V batteries were used in the setup. Two to power the +Vs and –Vs of Muscle sensor 

V3 and one to power the Microcontroller – Arduino Pro Mini. 

4.5 ELECTRODES 

In this study, three electrodes of two different types were used to acquire EMG signal.  

4.5.1 Wet Electrode 

This is a conventional non-invasive, multi-purpose and disposable Ag-AgCl wet electrode 

used to acquire EMG signal. It consists of an adhesive region which sticks to the skin for 

minimal motion artifacts. The inner region consists of a gel based electrolyte which is 

used to reduce impedance between skin surface and electrode resulting in low noise 

signal acquisition. Due to the use of conductive gel which is in direct contact with the skin 

surface, it is termed as wet electrode. Signal acquired from conventional wet electrode is 

considered to be gold standard in the industry. 
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Figure 11: Conventional Ag/AgCl Wet Electrode 

4.5.2. Dry electrodes 

A. This is a non-invasive Ag-nylon textile dry electrode used to acquire EMG signal. The 

design comprises an Ag plated (76%) nylon elastic fiber (24%) fabric (Stretch Conductive 

Fabric, LessEMF, USA) attached to a deconstructed Ag-AgCl electrode. The fabric is 

attached to the electrode with a conductive gel and is cut to match the size of a metal snap. 

An adhesive is used for testing, but does not interact with the dry electrode. 

B. Compression sleeve electrode - three pieces of a conductive plated fabric (SHIELDIT 

Super, LessEMF, USA) are stitched onto a compression sleeve with two attachments on the 

bicep area (W 5/8" x L 1 3/4") and one attachment on the elbow to act as a reference (W 5/8" 

x L 2"). 
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Figure 11: a) Dry electrode design. b) The wearable device is comprised of a compression sleeve 

with integrated electronics consisting of two EMG sensors (Advancer Technologies, LLC), Bluetooth 

shield (EZ-Link), a rechargeable battery, and an Arduino pro-mini. 

Figure 12: EMG signal acquired using wet electrode 

Figure 12 shows a typical EMG measurement. For this study, it is desired that EMG data 

appear similar to this for all data analyses purposes (i.e., no saturation, consistent noise floor 

etc.) 
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Figure 13: EMG signal acquired using dry electrode 

Figure 14: EMG signal acquired using compression sleeve electrode design 

Using each of the designs, EMG data were acquired when performing 10 lb bicep resistance 

exercises. These data were then plotted against each other for a performance assessment. 

Due to this, Ag-nylon dry electrode design was selected for our application. The relative 

electrode performance is provided in the results section. 
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CHAPTER 5 

METHODS 

5.1 DATA ACQUISATION: 

Data are collected in the following manner: 

Figure 15: DAQ Block diagram 

Diagram shows the sequential process of data acquisition 

• The EMG sensor reads and transmits the rectified, amplified and smoothed data of the 

muscle activity to the Microcontroller. 

• The analog input pins of the Pro Mini receive the data. The Arduino is programmed to 

read the data from the sensor, convert it into a 0-5 volt range and also time stamp the 

data. The ADC within the Arduino samples the data at a rate of ~163 Hz in this study. 

• The Bluetooth shield on the microcontroller transmits the digitally sampled data to the 

computer. 
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• Coolterm software is used at the receiving end (i.e. computer) to collect the data from 

the Bluetooth shield. It is a simple serial port terminal application and can be used to 

exchange data from the hardware that is connected to the serial port. 

The EMG sensor can be placed on any muscle, but for the majority of the experiments 

presented in this study, the sensors were placed on the bicep muscle because it was 

easier to isolate the muscle and minimize the effects of motion artifacts. Experiments on 

the tricep had many more artifacts. As soon as the device was powered on, the Arduino 

started collecting data from the sensor. Once the serial connection was enabled, the data 

were transmitted via Bluetooth to the laptop/computer. The data were stored in text files 

with voltage values between 0-5V and a resolution of ~10 mV. Spurious data from the 

start-up and power-off phase of data collection were removed using data post processing. 

The file was loaded into MATLAB software for analysis. 

5.2. SUBJECTS: 

The following study is IRB approved. 

1. Eligibility of Subject recruitment were as follows: 

Inclusion criteria: 

▪ The subjects must be between the ages of 18 -30 years 

▪ Subjects must have a BMI in the range of 18.5 - 24.9. 

▪ Subject must be healthy to lift low to moderate weights with their arms as indicated in 

the recruitment questionnaire. 
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Exclusion criteria: 

▪ Subjects who have reservations (pertaining to health other reasons) against lifting 

weight within a comfortable limit of their own threshold (based on a 1-repetition 

benchmark). 

▪ Subjects who indicate pregnancy, cardiovascular, muscular, or other health concerns 

on the enrollment questionnaire. 

▪ Subjects who refuse to provide informed consent. 

▪ Individuals who already participate in active fitness programs or regularly exercise at 

a gym, including weightlifting 

2. Number of Subjects: 

The experiment consisted of 8 subjects performing hypertrophy exercise. 

No of subjects Age Sex BMI 

Subject 1 25 Male 21.8 

Subject 2 24 Male 19.1 

Subject 3 23 Male 24.5 

Subject 4 24 Male 19.5 

Subject 5 25 Male 21.8 

Subject 6 24 Male 19.1 

Subject 7 23 Male 24.5 

Subject 8 24 Male 19.5 

Table 1: Subject details  
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5.3. EXPERIMENT DESIGN: 

The experiment consisted of 8 subjects performing repeated bicep curls. The subjects 

performed the exercises weekly twice with a 10lb dumbbell for hypertrophy groups. A wet 

electrode was used in signal acquisition for subjects 1, 2, 3 and 4 performing hypertrophy 

exercise. The dry Ag-Nylon electrode was used in signal acquisition for subjects 5, 6, 7 

and 8 performing Hypertrophy exercise. Experiments were conducted over a period of up 

to four months. In the hypertrophy exercise group, subjects were performing 4 sets of bicep 

curls, 12(±2) repetitions each. The aim to assess more exercise routines on a larger group 

in order to improve the statistical validity. This will evaluate the metric based on various 

resistances and exertion times. The weight was chosen for each subject based on 1 

repetition hypertrophy benchmark. After the test, the weight chosen was 10lbs for all the 

subjects. Between each set, the subject was given 2 minutes to rest. The exercise was 

performed at the rate of 40 bpm (0.67 Hz), that was controlled using a metronome. For the 
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hypertrophy exercise group, each set of 12 repetitions required ~85 seconds; i.e. total of 

~5.7 minutes of bicep curl exercise in each session. 

SUBJECTS EXERCISE LOAD REPETITION 

PER DAY 

FREQUENCY 

Subjects using wet electrode 

4 Hypertrophy 

– Bicep curl 

10 lbs. 12*4 2 per week 

Subjects using dry electrode 

4 Hypertrophy 

– Bicep curl 

10 lbs. 12*4 2 per week 

Table 2: Exercise routine details 
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CHAPTER 6 DATA 

ANALYSIS 

6.1 PRE-PROCESSING 

The recorded EMG signal from Muscle Sensor V3 was pre-processed, including 

rectification, smoothing/integration, and filtering. This signal was used to ensure that the 

EMG was of appropriate form to detect power changes over time during exercise. The 

EMG signal collected from Muscle Sensor V3 was also amplified to a level so that the 

signal did not easily saturate during muscle contractions. 

Figure 16: Pre-processed data 

6.2 TIME DOMAIN ANALYSIS 

Some features in the time domain EMG data have been widely used in medical and 

engineering practices when examining muscle activity. These features are used in signal 

classification due to their low noise environments, their lower computational complexity, 

and easier implementation. Examples of time-series features of EMG data include peak 
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EMG amplitude, EMG envelope, area under the curve, number of peaks, etc. In this study, 

the time-domain data of interest for the EMG based experiments are relative peak 

amplitudes during exercise (max peak vs noise floor), the changes in max peak size during 

exercise, 

Amplitude Plot 

The amplitude in volts of the digitally sampled, pre-processed data were capture to provide 

information regarding how the amplitudes change with muscle contraction in an ongoing 

exercise. The highest amplitude peaks were obtained of each contraction in each sets and 

plotted separately. These peaks were recorded for all the data sets in a session. the slope 

of the peaks was determined by plotting a linear fit across the peak amplitude points to 

measure the rate of change of the EMG contraction peaks. The regression satisfies the 

formula: 𝑦 = 𝑚𝑥 + 𝑐 . Where m is the slope, c is the y-intercept, x is time (x-axis value) and 

y is the amplitude of the signal (volts). According to the hypothesis, the steeper the slope 

is, the more muscle fibers that are being recruited to perform the lifting exercise with 

constant load[reference]. Figure 20 shows an example of slope (linear fit) of the mean 

EMG plot of subject 1. 
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Figure 17: Sample peak amplitude plot 

Average Power 

Power in decibels is used to describe the logarithmic ratio of two power quantities, and 

may thus be a good metric to identify properties in fatigue. Particularly, here the two power 

quantities of interest are the maximum EMG peak during contraction and the resting EMG. 

Therefore, the signal power will provide a measure of the relative change in muscle 

contraction power during exercise. The change in power with respect to time (i.e., the slope 

of power vs time) shows how the average power per data set changes with fatigue. The 

power ratio can be calculated by using the power of the signal (EMG) and the power of a 

reference signal (noise floor). For this study, the reference signal was defined as the 

recorded EMG when the muscle was relaxed. Power is thus expressed as: 
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An example of how the reference voltage was determined is shown in Figure 21. The 

average of the signal within the highlighted segment was selected as the reference signal. 

As the noise floor of each data set is different due to the change in electrode placement 

and other physiological factors, the reference value (mean of noise floor) also varies in 

each dataset with respect to signal. Thus the noise floor is calculated for each dataset. 

Figure 18: Reference Voltage selection 

A positive dB value implies an increase in signal (ratio > 1), or increase in power, and a 

negative value shows a loss in power (ratio < 1) of the signal with respect to the reference 

signal. This provides a relative measure that calculates the change in power of each 

contraction relative to the noise floor of the signal. Please refer to Appendix C. for the code. 
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CHAPTER 7 

RESULTS 

7.1 AMPLITUDE TIME ANALYSIS 

Figure 19: EMG (Amplitude vs Time) signal 

Figure 22 shows the EMG recording of subject 1 which is rectified, smoothed and 

amplified by the Myoware Muscle Sensor V3. The amplitude vs time plot of the EMG 

signal shows an increasing trend as fatigue sets in (Fig.22 ). The peaks correspond to the 

maximum contraction for that repetition in a set, while the minimum values corresponds 

to the muscle “relaxing” magnitude prior to a repetition. The mean voltage of the rectified 

EMG signal increase accounts to a 124.80% increase in figure. In this plot, the peak 

amplitude of contraction increased from 2 volts, to 2.4 volts (124 % increase). 
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Figure 20: EMG (Peak Amplitude vs Number of peak) signal 

Figure 23 shows the peak amplitude plot vs time of the same data set shown in Fig 22. The 

linear fit is plotted across the peak amplitude plot points to obtain the slope of the increasing 

trend. The slope value to be found is +0.19. The amplitude value of the first peak in Figure 

is 2.01V which increases to 4.63V in the last measured peak as the muscle fatigues. The 

peak voltage increase accounts to 230.34%. 

Figure 21: Example of bad data 
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DATA COLLECTED USING WET ELECTRODES 

SUBJECT 

NO 

TOTAL 

DATASETS 

GOOD 

DATASETS 

BAD 

DATASETS 

USEABLE 

DATA IN 

PERCENTAGE 

DATA WITH 

POSITIVE 

SLOPE OUT 

OF USEABLE 

DATASETS IN 

PERCENTAGE 

1 44 34 10 77.27% 88.23% 

2 60 47 13 78.33% 91.48% 

3 31 28 3 90.30% 71.4% 

4 40 31 9 77.5% 95.65% 

Table 3: Data statistics of subject using wet electrode 

DATA COLLECTED USING DRY ELECTRODES 

SUBJECT 

NO 

TOTAL 

DATASETS 

GOOD 

DATASETS 

BAD 

DATASETS 

USEABLE 

DATA IN 

PERCENTAGE 

DATA WITH 

POSITIVE 

SLOPE OUT 

OF USEABLE 

DATASETA IN 

PERCENTAGE 

5 40 26 14 65% 82.6% 

6 53 32 21 60.37% 90.6% 

7 28 24 4 85% 58.33% 

8 38 24 14 63% 83.33% 

Table 4: Data statistics of subject using dry electrode 
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In Table 3 the EMG data acquired from the subjects are using wet electrode. In Table 4 

the EMG data acquired from the subjects are using dry electrode. Total data collected from 

every subject is divided into good data and bad data. Bad data consists of data showing 

undefined peaks i.e. contractions, extreme base line shifts, excessive noisy data etc. Bad 

electrode placement can be one of the factor for having noisy data. Figure 22 is an example 

of good data. Table also shows the exact number of usable data sets in percentage for 

each subject. Out of the usable dataset’s the number of datasets which has positive slope 

(indication of muscle fatigue) of each subject is shown in the table. 

7.2 POWER ANALYSIS 

The power ratio is calculated of each data set of all the subjects by using the power of the 

signal (EMG) and the power of a reference signal (noise floor). For this study, the reference 

signal was defined as the recorded EMG when the muscle was relaxed. Power is thus 

expressed as: 

Long term power analysis is done to observe how average power changes over a period 

of time between different subjects performing same exercise routine. 
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LONG TERM POWER PLOTS 

Figure 22: Subject 1 – Long term Average Power plot in dB 

Figure 23: Subject 2 – Long term Average Power plot in dB 
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Figure 24: Subject 3 – Long term Average Power plot in dB 

Figure 25: Subject 4 – Long term Average Power plot in dB 

: 
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Figure 26: Subject 5 – Long term Average Power plot in dB 

Average Power is calculated of all four datasets of each day and plotted over a period of 

time. Figure (24-28) shows the data points which is the average power in dB of each 

session consisting of 4 datasets. Day 1 in the plot corresponds to the first day of data 

collection during the exercise routine of every subject; similarly, last data point in the plot 

corresponds to the last day of the exercise routine. Subject 1 started at 21.8 dB/day on day 

1 and ended at 13.85 dB /day on day 99. Subject 2 started at 27.88 dB /day on day 1 and 

ended at 15.82 dB /day on day 92. Subject 3 started at 21.93 dB /day on day 1 and ended at 13.1 

dB /day on day 92. Subject 4 started at 26.63 dB /day on day 1 and ended at 12.82 dB 

/day on day 91. Subject 5 started at 28.33 dB /day on day 1 and ended at 5.61 dB /day on day 
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57. A liner fit is plotted across the data points to obtain the slope value across the total 

number of days of exercise routine followed by the subject. Slopes are provided in Table 

5. 

SUBJECT LONG TERM SLOPE VAULE 

(dB/DAY)  

1 -0.14436 

2 -0.02130 

3 -0.14066 

4 -0.09647 

5 -0.38226 

Table 5: Long term slope values 

Table 5 shows the long term slope of each subject is calculated. Subjects 6,7 and 8 are 

included due to insufficiency of good data to plot due to high noise level using dry electrode. 

SUBJECT DECEMBER 

AVERAGE 

POWER 

(dB) 

JANUARY 

AVERAGE 

POWER(dB) 

FEBRUARY 

AVERAGE 

POWER(dB) 

MARCH 

AVERAGE 

POWER(dB) 

1 23.10 26.82 12.91 13.85 

2 24.31 28.34 19.19 18.06 

3 21.93 - 15.75 12.69 

4 26.63 25.96 13.37 12.82 

5 - 28.33 9.87 7.32 

Table 6: Average Power Month wise 

Table 6 shows the average power calculated per month of each subject in dB. 
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SUBJECT POWER CHANGE 

1 -5.91 dB 

2 -12.36 dB 

3 -8.83 dB 

4 -13.81 dB 

5 -16.79 dB 

Table 7: Long term Power change (total decrease in power from first day to last day of 

same exercise routine)  

It is of interest to identify the long term relative trends in the power of the EMG signal, to 

identify long term properties in the muscle fatiguing. Figure (24-28). demonstrates the 

average power of each day’s EMG data, over the four-month period for all the five subjects. 

The average power is plotted on each day, indicating a decreasing trend. According to these 

data, there is a consistent decrease in the required power to complete the exercise. Table 7 

shows the total decrease in power required for all the subjects performing the same exercise 

from first day to last day. 
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Figure 27: Short term average power plot 

To represent short term power trend Figure 29 shows the average power plot of each 

dataset measured consequently four times in the same session (i.e. same day). Slope of 

the shot term plot is 2.23. Due to the abundance of data, only one set is plotted. 
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CHAPTER 8 

DISCUSSION AND CONCLUSION  

This thesis is focused on the quantified relationship between muscle fatigue caused when 

subjected to a custom designed exercise using constant load routine over a period of 

time. 

Based on the results in previous chapter, there appears to be a relationship between the 

muscle activity (EMG) and muscle fatigue in both long term and short term trends. 

8.1. AMPLITUDE – TIME ANALYSIS 

The mean voltage of the rectified EMG signal in voltage increase by 124.80% during a 

single exercise. The amplitude vs time plot of the EMG signal seems to show an 

increasing trend as fatigue sets in (Fig.22) This corresponds to the literature and confirms 

our expected results since EMG amplitude increase as additional motor units are recruited 

to account for a loss in tension during fatigue. 

Figure 23 shows the peak amplitude plot vs time of the same data set. The linear fit is 

plotted across the peak amplitude plot points to obtain the slope of the increasing trend. 

The slope value was found to be +0.19. The amplitude value of the first peak in Figure is 

2.01V which increases to 4.63V in the last measured peak as the muscle fatigues. The 

peak voltage increase accounts to 230.34%. 

When fatigue sets in, additional motor units are activated to meet the required tension 

demands in muscle in order to maintain the movement during exercise. Thus, with the 

activation of additional motor units, it is expected that EMG voltages increase since the 
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sensors would detect the superimposed electrical signal at the skin surface from a greater 

number of motor units. 

8.2 POWER ANALYSIS 

Most of the power plot data shows an increasing trend. For example, the increase in the 

average power implies that the power required to do the same exercise using the same 

weight decreased which suggests an increase in muscle strength. In addition, subjects 1 

through 5 show these long-term decreases by an average of 11.54 dB/day (+/- 14.69 

variance) which indicates that with repetitive exercise the rate at which the muscle recruits 

additional motor units decreases. In other words, it suggests that the muscle may be 

becoming resistant to fatigue. When comparing these data to a similar study of endurance 

based exercise (EMG based short term and long term analysis of muscle fatigue derived 

from an endurance based exercise regimen by S. Ramanarayanan) , the slopes of the 

hypertrophy exercise appear less steeper indicating that the hypertrophy exercise has a 

smaller long term effect with respect to endurance. This expected since the muscle gets 

conditioned due to low load but higher repetition in long term for endurance. The power 

trend on different days observed over four months showed a decreasing trend. It implies 

that the power required to do the same exercise using the same weight decreased which 

suggests an increase in muscle strength. Short term slope is steeper in hypertrophy as 

compared to endurance, which validates the hypothesis. More particularly, the muscle 

either became stronger or more fatigue resistant. By using the last exercise day as a 

reference, the difference between the power of the first and last day was shown in Table 

7. This is an important metric since it provides a means of identifying long term muscle 

performance during regular exercising, and may be beneficial for determining an optimized 
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exercise schedule for rehabilitation, or in sports science. It may also be an important factor 

in identifying muscle growth (or fatigue resistance) due to exercise which would benefit 

people undergoing muscle rehabilitation. 

In future studies, EMG measured includes both the additional motor unit recruitment as well 

as motor unit synchronization here that needs to be delineated in the future using invasive 

fine wire recordings. Dry electrode design can be optimized to replace the adhesive portion 

with something dry which also gives low noise output. This study can be improved by 

recruiting more subjects and collecting the data for a longer time where we might possible 

witness the plateauing the slope for different subjects at different times. 
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APPENDIX: 

APPENDIX A: 

Code for data acquisition using Arduino Pro Mini 

//Declare Variables float 

filtered; 

float 

emg_input; 

unsigned 

long timer; 

void setup() 

{ 

Serial.begin(9600); 

//Declare input pins 

pinMode(A0,INPUT); //pin for filtered emg  

} 

void loop() { 

emg_input = analogRead(A0); //read data 

emg_fil = ((emg_input*5)/1023); //convert data to 0-5V range 

Serial.print (emg_fil); 

//print output 

Serial.print("\t") 

} 
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APPENDIX B: 

Code for Power 

Spectrum 

Fs = 163; % Sampling rate % Load data 

shilpawet1(shilpawet1==0)=[]; 

shilpawet1(isnan(shilpawet1))=[]; N = 

length(shilpawet1); % Length of data set 

% Normalize and rectify subset = 

shilpawet1(5618:5633); v_ref = 

mean(subset); % Reference Voltage 

shilpawet1 = shilpawet1/v_ref; % normalize 

% FFT of subset Ns = 

length(subset); xdft = fft(subset); 

xdft = xdft(1:(Ns)/2+1); psdx_ref = 

((1/(Ns)) * abs(xdft).^2); % FFT of 

dataset x1dft = fft(shilpawet1); x1dft 

= x1dft(1:N/2+1); psdx_data = 

((1/(N)) * abs(x1dft).^2); 

% Power in dB 

psdx = 10*log10(psdx_data/psdx_ref); 

% Frequency of data set freq_data = 

(0:Fs/N:Fs/2)'; 

plot(freq_data,psdx) % Plot the power spectrum 

Appendix C: 

Code to obtain power in dB 

% Load data a = data set; 

a(a==0)=[]; %Take out 0 

a(isnan(a))=[]; %take out NaN ref 

= a(0:10); %Mean of noise floor 

dB = 20*log10(a/ref); 
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APPENDIX D: 

FREQUENCY DOMAIN ANALYSIS 

In the frequency domain analysis, a time series data set is converted into its comprised frequencies 

and analyzed to identify how the signal is distributed amongst them. Based on previous studies, it is 

suggested that the mean and median frequency values may change with fatigue. 

Power Spectral Density 

Mean and median frequency 

Mean frequency (MNF) and median frequency (MDF) are among the most commonly 

examined frequency-domain features [24] used for the assessment of muscle fatigue in 

surface EMG signals [25]. The frequency at which the power spectrum can be divided into 2 

regions of equally distributed power is called the Median Frequency [26]. MNF is an average 

frequency which is calculated as the sum of product of the EMG power spectrum and the 

frequency divided by the total sum of the power spectrum [27]. This feature is being 

investigated in this study in an attempt to observe a shift in the mean and median frequencies 

of the pre and post-fatigue signals as described in earlier studies. 

The mean frequency can be expressed as: 

f(k) is the frequency value of EMG power spectrum at 

the frequency bin k, P(k) is the EMG power spectrum at the frequency bin k, and M is the 

length of frequency bin[26]. 

Median frequency (MDF) is a frequency at which the EMG power spectrum is divided into 

two regions with equal amplitude [26, 27]. MDF is also defined as a half of the total power, 
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or TTP (dividing the total power area into two equal parts). The definition of MDF is given 

by 
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