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Abstract: Based on open data from Universidad Militar Nueva Granada, the shape of the electromyogram for gait (Caminar) state is 

investigated, and the shape leads to the use of Discrete Fourier Transform (DFT) for analysis because it is an AM homologue. Discrete 

Frequency The spectrum of normal muscle signal has been found based on the polyfit technique for mean values, then the bandwidth of 

the spectrum is estimated. As a result, even though it has no expected value, it can be described as the imprint stamp of a standard case. 

The spectrum of muscle signal is covered by five samples, so it can be studied by dwt while the strength of signal is divided into five levels 

according to normal cases. This division qualifies the strength of abnormal cases. 
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1. Introduction: 

An electromyogram (EMG) is a biological signal 

characterized by an electrical potential generated by 

muscle cells. The amplitude of EMG signals is minimal 

(0-10 mV) and the frequency is low (0-499Hz). The 

electromyogram signal's main energy ranges from 50 to 

150 Hz[1][2]. Every movement in the body necessitates 

communication between the brain and the muscle, which 

is accomplished through the neuromuscular system, 

whereas Myo-Clinic Center translates the signal of 

contraction into a graph, sound, or numerical value. In the 

time of signal variation, engineering can analyze the 

electrical signal, but they cannot talk about diagnosis.[3] 

In any application that uses biological signals, feature 

extraction is a vital step. The required output classes 

should be maximally separated using the extracted 

features [4].[5] 

Universidad Militar Nueva Granada has shared their 

professional database with the UCI surface 

electromyography (SEMG) center for lower limb 

analysis. The database contains 11 subjects with knee 

abnormalities and 11 normal. The data were collected 

using MWX8 Datalog Biometrics electromyography and 

goniometry equipment. In order to analyze the behavior 

related to knee muscles, three types of movement were 

undergone in the database, which are: leg extension from 

a sitting position movement, gait movement, and flexion 

of the leg upward. The knee was equipped with four 

electrodes (semitendinosus, Vastus Medialis, rectus 

femoris, and biceps femoris) and a goniometer for the 

acquisition procedure. In this study, 10 cases of the gait 

movement state for knee muscles are analyzed.[6], [7][8]  

2. A Graph of the EMG signal: 

Accessing data has been done by MATLAB. The point of 

time variation is defined according to the sampling rate of 

1kHz. Plot 3 has been used to put signal variation along 

the x-axis versus z-axis and separate channels by the y-

axis, as it can be seen in fig.(1) and fig.(2) for the sixth 

case of normal and abnormal, respectively.
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Fig. (1) 3D plotting of the electromyograph for normal case 6 

 

Fig. (2) 3D plotting of the electromyograph for abnormal case 6 

So many references say that signals like that in fig.(1) are 

noisy and random as in[1], so it must search for the rating 

that is embedded in the rhythm of the signal and specify 

the bandwidth of the spectrum by means of signal 

processing, as it can be seen in the next section. The shape 

of the spectrum is important if it can be used to 

characterize normal cases versus abnormal cases. 

3. Analysis of Signals 

EMG signal analysis provides an efficient and effective 

way of understanding the nature of the signal. Once 

suitable EMG signal analysis techniques and 

methodologies are easily accessible, the nature and 

features of the signal may be adequately understood, and 

hardware designs for different EMG signal application 

fields can be built[9],[10]. 

To explore the frequency domain behavior and to define 

the frequency components of EMG signals, it is necessary 

to get the harmonic frequencies of the EMG spectrum of 

EMG signals[11] . It depended at first on the fast Fourier 

transform technique to get the harmonic frequencies of the 

EMG spectrum. 

Traditionally, FFT has been taken for discrete signals in 

the time and frequency domain depending on the sampling 

rate. The data were collected at a sampling rate of 1000Hz. 

For analysis, 10000 points for each channel were taken. 

The average of the signals was measured in the frequency 

domain and the result is shown in Fig.(3.a,b).

 

Fig (3.a). Average of Normal EMG spectrum and it’s mean 
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 Fig (3.b). Average of Abnormal EMG spectrum and it’s mean 

Half power bandwidth 

The half power bandwidth of each channel (normal and 

abnormal cases) has been measured and calculated by 

calculating the difference between the minimum and the 

maximum half power frequency points. Fig. 4 (a,b). table 

1 (a,b).

 

 

Fig. (4.a) Mean of EMG spectrum and its half power points for Normal cases (CH.1,2,3,4) 
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Fig. (4.b) Mean of EMG spectrum and its half power points for  Abnormal cases (CH.1,2,3,4) 

Table (1.a): Maximum and half power points (normal cases) 

Channel 

number 

Maximum points   Half power points 

Bandwidth 
X axis Y axis 

  X axis 
Y axis 

  Min X Max X 

1 29.35 3.827   7.701 65.31 2.706 57.609 

2 44.7 3.949   15.75 94.11 2.792 78.86 

3 24.35 5.743   5.451 54.16 4.06 48.709 

4 38.1 5.012   9.801 89.96 3.544 80.159 

 

Table (1.b): Maximum and half power points (Abnormal cases) 

Channel 

number 

Maximum point Half power point 

Bandwidth 
X axis Y axis 

X axis 
Y axis 

Min X Max X 

1 20.8 24.2 3.6 46.9 17.11 43.3 

2 40.45 5.97 13.1 92.81 4.2 79.7 

3 21.35 36.34 4.65 46.15 25.696 41.46 

4 63.16 7.142 20.2 145.2 5.05 125 

 

Signal Recovery 

The objective of signal recovery is to obtain a pattern of 

normal and abnormal EMG cases, which can be achieved 

by the mean of spectrum (mean of absolute values and 

phase shift) from the fast Fourier transform. Fig. 4.a,b). 
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Typically, linear phase shift variation can lead to a pattern 

even if there is a time delay, but here the phase shift is 

completely random, and it must return to the description 

of. Therefore, each case must be recovered by its recorded 

values (Fig.5a,b,c,d). In fact, recovery of signal by a linear 

phase shift has failed, which leads to considering that 

phase shift as a stamp of signal. 

 

 

 

 

Fig. 5. (a,b,c,d) 
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4. Match Filter of Signal 

The match filter is required to purify the signal, but there 

is a redundant noise even more. I have been searching here 

for an optimum model for the filter by fitting the average, 

but the fit and nearest do not match analog models for 

filters. As can be seen in fig. (5), the image filter covers 

the whole spectrum of signal by five samples. For that 

type of filtration, it can be compatible with DWT later. 

Refer to the reference for more details. For those reasons, 

digital filter and accumulation must give a good result in 

case recognition[12] [13] 

5. Rate of Signals  

In this paper, a scattering graph is used for analyzing the 

relationship between the features that are extracted from 

the muscle channels and the knee movement for 

evaluating the normal and abnormal case characteristics. 

The graph indicates that there is a significant overlap 

between the values when the muscle is actually used for 

the knee bending movement, the signal 

 has a higher force in abnormal cases compared to normal 

cases. The scatter refers to that; channel one has 50% 

abnormal cases over the maximum strength of normal 

cases and channel three has 40% abnormal cases over the 

normal cases, while channel two and channel four are 

overlapped completely as in the scattering graph, dig (6). 

Below half point is referred to as a low level L, while 

below quadratic point is a very low level O, above half 

point and below maximum for medium level M, above 

maximum and below 125% of maximum for high level H, 

and finally above 125% of maximum is very high V. 

Table (3) shows the distribution of levels.

 

 

Fig. (6.a) Scatter graphs of normal and abnormal cases (ch.1) 

 

Fig. (6.b) Scatter graphs of normal and abnormal cases (ch.2) 
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Fig. (6.c) Scatter graphs of normal and abnormal cases (ch.3) 

 

 

Fig. (6.d) Scatter graphs of normal and abnormal cases (ch.4) 

 

Fig. (7) Scatter graphs of normal and abnormal cases (all channels) 
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Table (2) rate of the muscle channels 

Case Ch (1) Ch (2) Ch (3) Ch (4) 

number O L M H V O L M H V O L M H V O L M H V 

1       *     *           *     *         

2         *     *             *   *       

3 *           *               *   *       

4       *       *           *       *     

5   *         *         *         *       

6         *     *         *       *       

7         *   *               *   *       

8   *           *             * *         

9 *         *         *         *         

10 *         *         *         *         

 

6. Discussion and Conclusion 

In this study, EMG signals of 10 normal and abnormal 

cases were taken from the available database. Four 

electrodes were used to collect the data from the knee 

muscles. All of these EMG signals were graphed by 

MATLAB. It was clear from the graph that all the signals 

were random and noisy (Fig. 1,2). 

The next step was to utilize the fast Fourier transform to 

determine the frequency component of EMG signals. The 

result shows that the average of abnormal cases spectrum 

has more power than the normal cases spectrum. That 

means... (the maximum half power point for normal cases 

was in channel three, reaching almost 5.8 while it reached 

almost 35.2 in channel three of abnormal cases) fig 

(4.a,b), table (1.a,b). 

Then the signals of EMG were recovered to obtain the 

pattern of normal and abnormal EMG cases. After signal 

recovery by the IDFT, it can consider the mean spectrum 

of muscle as a general stamp of solders' walking but the 

phase shift phase as an imprint stamp for individual 

solders. Both real and imaginary parts were equal in fig. 

(5.a,b,c,d). Now if the abnormal signal is recovered by the 

abnormal spectrum and by its individual phase, what does 

it mean? For what purpose can it be attained?  It is just a 

question now, but it falls in the physiology domain. 

It is found that the mean strength of abnormal signals is 

greater than the mean of normal cases within the pass 

band. 

The next point in the study was the scattering graph. It 

indicated that there is a notable overlap between the 

normal and abnormal case values. Five levels indicate the 

degree of strength. 
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