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Abstract— Muscle fatigue is a neuromuscular condition 

where muscle performance decreases due to sustained or 

intense contraction. It is experienced by both normal and 

abnormal subjects. In this work, an attempt has been made to 

analyze the progression of muscle fatigue in biceps brachii 

muscles using surface electromyography (sEMG) signals. The 

sEMG signals are recorded from fifty healthy volunteers 

during dynamic contractions under well defined protocol. The 

acquired signals are preprocessed and segmented in to six equal 

parts for further analysis. The features, such as activity, 

mobility, complexity, sample entropy and spectral entropy are 

extracted from all six zones. The results are found showing that 

the extracted features except complexity feature have 

significant variations in differentiating non-fatigue and fatigue 

zone respectively.  Thus, it appears that, these features are 

useful in automated analysis of various neuromuscular 

activities in normal and pathological conditions. 

I. INTRODUCTION 

Muscles are made up of motor units. A motor unit 

consists of an alpha motor neuron and it innervated into its 

associated muscle fibers. Muscles are responsible for 

regulation of force output for precise and powerful 

movements, locomotion, and other daily activities [1].  

Electromyography (EMG) is a technique, used to record the 

electrical activity of skeletal muscles [2]. Two types of signal 

acquisition methods are exist in practice namely surface 

electromyography (sEMG) and needle electromyography. 

The sEMG is a non-invasive technique where electrodes are 

placed over the skin. It is used in the area of myo-electric 

control, sports biomechanics and ergonomics [3-5]. Needle 

electromyography is an invasive technique, and it is widely 

used in clinical research and studies. 

Muscle fatigue is a neuromuscular condition in which the 

muscle is unable to maintain the force [6, 7]. This condition 

can also be caused due to some abnormalities such as 

neuropathy, myopathy and Parkinson disease [8-10]. Also it 

is experienced due to endocrine disturbance, carcinoma 

malnutrition and immobilization [5].  Fatigue analysis plays 

considerable importance in the field of rehabilitation and 
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kinesiology [11]. Fatigue study is carried out by imaging 

techniques, muscle biopsy and sEMG signal analysis. The 

sEMG signal analysis is most widely used techniques in 

fatigue analysis [12].     

The sEMG signal exhibits non-linear and non-stationary 

property. It is a complex signal and depends on several 

neuromuscular system parameters such as firing rate, muscle 

fiber types, motor unit types, anisotropic nature of muscles, 

muscle crosstalk’s and volume conductor effects. It also 

relies on detection system parameters such as gain, common 

mode rejection ratio and signal to noise ratio of data 

acquisition system and ambience.  Daily activities such as 

walking and running are based dynamic contraction of 

muscles. In dynamic contractions, the degree of non-

stationarity and randomness increases due to change in 

muscle length and movement of innervation zones with 

respect to electrode [1]. 

 Various time domain, frequency and time-frequency 

domain and its features have been used in muscle fatigue 

assessment and classification [13].   Time domain features 

such as root mean square, average rectified value and 

frequency domain features such as mean frequency, median 

frequency and peak frequency have been used in EMG signal 

processing [13]. Time-frequency based features such as 

instantaneous frequency, instantaneous median, mean 

frequencies have been employed in muscle fatigue 

assessment [14]. 

Entropy is a feature that describes the irregularity of time 

series [15].  The entropy based features are widely used in 

areas such as EEG and speech signal processing where the 

signals are non stationary and complex [16].  Recently 

McBride et al, have used spectral and complexity features 

namely activity, mobility, complexity, sample entropy and 

other similar parameters to discriminate EEG signals under 

various normal and abnormal conditions [17]. Also Bachiller 

et al have used spectral entropy and quantified the regularity 

of EEG signal [18]. However these complexity features are 

not been explored in sEMG signals under dynamic 

contractions of muscles. 

In this work, sEMG signals are recorded during dynamic 

contractions of biceps brachii muscles. Five complexity 

based features are extracted from the recorded signal for 

further analysis.   
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II. METHODS 

A.  Experimental protocol and Signal Acquisition 

Fifty healthy volunteers with no history of 

neuromuscular disorder performed the experiment. The 

subjects are informed about the nature of the experiment and 

an informed consent is taken from each subject before the 

start of the experiment. The subjects are asked to perform 

biceps curl exercise involving the flexion and extension of 

their dominant hand with 6-kilogram weights. The exercise 

is continued until task failure. After the necessary skin 

preparation, Ag-AgCl surface electrodes in bipolar 

configuration are placed on the bulk of biceps brachii muscle 

for the acquisition of the signal with an inter-electrode 

distance of 3 cm.  

The Biopac MP36 acquisition system with sampling rate 

of 10 KHz and a gain of 1000 is used to record a signal. First 

muscle discomfort (FMD) time is identified from verbal 

communication of subjects and recorded [12]. 

B. Preprocessing 

The acquired signal is downsampled to 1000 Hz. Then 
the signals are preprocessed with a band pass filter (10-
400Hz) and 50Hz notches filter to remove unwanted noise 
[12]. The muscle endurance time and FMD are found to be 
subject dependent. In order to normalize, the dynamic signals 
are split into six equal segments and are used for further 
analysis. The first segment are considered as non-fatigue 
zone and the last segment is corresponds to fatigue zone. 

C.  Complexity features: 

The complexity features such as activity, mobility, 
complexity, sample entropy and spectral entropy are 
extracted in all six zones for further analysis. 

Activity:   

 It is a measure of the squared standard deviation of the 

amplitude or variance. The activity or variance in time 

domain can be considered as surface of power spectrum in 

frequency domain. 

        Activity=Ϭ0                                          (1) 
 

Mobility: 

 It is defined as the square of root ratio of the variance of 

first time derivative of signal to variance of the signal. It is 

can be considered as the time domain approximation of 

mean frequency. 

                                     √ 
  

  
                                      (2) 

 

Where   = variance of first time derivative of signal,      is 

variance of signal 

 

Complexity: 

 It is a measure of excessive details with reference to the 

softest possible curve shape, the sine wave, this 

corresponding to unity. It is expressed as the ratio of the 

mobility of slope of signal to the mobility of the signal. Due 

to the non-linear calculation of standard deviation this 

parameter will quantify any deviation from the sine shape as 

an increase from unity. 
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Sample entropy (SampEn): 

 It  is the negative natural log of the conditional probability 

that time series of length N, having repeated itself within a 

tolerance of r for m data points, will also repeat itself for m + 

1 points  excluding  self-matches. Sample entropy can then 

be defined mathematically by given below.    

 

              (
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Where Nm is the number of matches of length m and Nm 

m+1as the subset of Nm that also matches for length m + 1. 

Here m = 2 and r = 0.2 times the standard deviation of the 

signal. 

 

Spectral Entropy: 

Spectral entropy (SE) is used to quantify the global 

regularity of the signal [18]. For example, a white noise 

having uniform spectrum has high SE value whereas narrow 

band power spectrum having less frequency components 

provides low SE value. The spectral entropy of the signal is 

calculated from power spectral density and it is given by 
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Where, L is the number of spectral components in the sEMG 

spectrum, PSD is a power spectral density, i is a time instant 

of the window and n is the number of segments. 

The windowing is performed to account for the non-

stationarity of the signal. A sliding window technique is 

applied and the time evolution of PSD is evaluated. The 

powers spectral density measures the spectral properties of 

the signal. In order to represent it as probability density 

function it is normalized and is used in eq.5. 

 The normalization of PSD is performed as given by 
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III. RESULTS AND DISCUSSION 

The statistical demographic details of the participants in this 

study are shown in Table 1. 
Table 1 

Demographics of subjects 

Parameter Unit Mean ± SD  

Age Years 27.12 ± 3.44 

Weight kg 70.20 ± 11.89 

Height m 1.67 ± 0.22 

Body mass index kg/m
2
 23.29 ± 3.9 
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Figure 1.  Representative  recorded  sEMG  signal  Intensity 

 

 
Figure 2.  Activity of sEMG signals in all zones 

 

 

Figure 3.  Mobility of sEMG signals in all zones 

 

 

 
Figure 4.  Complexity of sEMG signals in all zones 

 

 
Figure 5.  Sample Entropy of sEMG signals in all zones 

 
Figure 6.  Spectral Entropy of sEMG signals in all zones 
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The sEMG signal recorded during dynamic contractions is 

shown in Figure 1. The amplitude and frequency component  

variations are observed and it is different among subjects. 

These signals are complex and nonlinear signal with low 

signal to noise ratio. This is due to the dependency of 

physiological parameters and the acquisition procedures.   

  

 The activity feature of sEMG signals are calculated for all 

zones and the corresponding box plot is shown in Figure 2. 

It is found to increase progressively from non-fatigue zone 

to fatigue zone. This is an indication of variation in non-

stationarity of sEMG signal. This may be due to the 

reduction of motor units firing rate leading to 

synchronization of motor units. The mean of activity in non-

fatigue zone is 0.009 and increased to 0.021 during fatigue 

as shown in Figure 2.  

 

 The mobility feature of sEMG signals is plotted for all 

zones and it is shown in Figure 3. This parameter is an 

indication of frequency variance of signal obtained in time 

domain. It is found to be decreasing from non-fatigue zone 

to fatigue zone.  It can be considered as mean frequency 

[19].  The decrease in mobility parameter is due to reduction 

in conduction velocity and firing rate of motor units.  Figure 

4 shows the variation in complexity feature in all zones. It is 

associated with the change in frequency. However, this 

parameter is of less significant. 

 

 Sample entropy is found to be decreasing from non-

fatigue to fatigue zone as shown in Figure 5. Higher value of 

SampEn is an indication of higher complexity. In fatigue 

zone, there may be a reduction in number of motor units 

participating in contraction. The SampEn is lower in fatigue 

zone due to this reduction. The smaller values of SampEn 

are also an indication of increasing self-similarity. This may 

be also due to reduction in degree of non-stationarity of 

sEMG signal in fatigue zone. 

 

  Spectral entropy parameter is found to reduce 

progressively as shown in Figure 6. The reduction in SE is 

associated with higher regularity. This may be due to lesser 

conduction velocity and firing rate in fatigue zone.  The SE 

parameter is found to be distinct between non-fatigue and 

fatigue zone. The statistical t-test performed between the 

adjacent zones for all features has shown significant 

difference (p<0.01) in most cases. 

IV. CONCLUSION 

The sEMG signals are highly complex and non-
stationary. In this study, the variation of time and frequency 
complexity features associated with progression of muscle 
fatigue is analyzed. The sEMG signals are recorded for fifty 
healthy subjects and divided into six equal epochs. The 
complexity features such as activity, mobility, complexity, 
SampEn and SE are extracted from all zones. The results are 
indicating that features such as mobility, sample entropy and 
spectral entropy are progressively decreasing during 
dynamic contraction.  The mean value of mobility, SampEn, 
SE is lower in fatigue conditions. Further the mean value of 
activity is higher in fatigue conditions. All features except 

complexity provides clear demarcation for all six zones. 
Thus this method of analysis can be used in automated 
analysis of sEMG in varied clinical conditions. 
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