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Abstract: An electromyography (EMG) is an analytical tool used to record muscles' electrical activity, which produces
an electrical signal proportional to the level of muscle activity. EMG signal plays a vital role in bio-mechatronic
engineering for designing intelligent prostheses and other rehabilitation devices. Analysis of EMG signals with
powerful and advanced methodologies is an essential requirement in EMG signal processing, as the EMG signal is a
complex nonlinear, non-stationary signal in nature. It is required to use advanced signal processing techniques rather
than conventional methods to exact EMG signals' features. Fourier transforms (FT) are not the most appropriate tool for
analyzing non-stationary signals such as EMG. In this work, we have developed a system that can be useful for disabled
persons to get a regular lifestyle using a functioning part of the body. Here, we studied the electrocution gram behavior
of human body parts to feature extraction and trained the neural network to simulate the movements of mechanical
actuators such as robotic arms. The wavelet transformation has been used to get high-quality feature extraction from
electro cardio grapy and develops proper faltering methods for cardio systems' electrical signals. Finally, an artificial
neural network (ANN) is used to classify the EMG signals through exacted features. Classification results are presented
in this paper.

Index Terms: Surface electromyography, wavelet transforms, Artificial Neural Network, Fourier Transform, Machine
Learning for Signal processing.

1. Introduction

At present, many disabled people live around the world, those who unfortunately lost their limbs through accidents
[1]. Moreover, many people from other countries mentally felt down because of these miserable incidences. There are
various types of prosthetic devices found in today's world as a solution to amputees, those who have lost their limbs.
Most of these prosthetic devices are fully mechanical driven, and there are no significant interactions of this prosthesis
with a human biological sense [2-3]. But human-machine interaction, based on features of human biological signals, is
one of the key focuses and has drawn significant research attention in medical robotics and biomedical engineering in
the present world [4]. As a result of these researches, prosthetics with intelligent controlling techniques were developed.
Most prosthetics use surface electromyography (SEMG) signals from the amputee's body to control the prosthesis
device [5-6]. The facts mentioned above motivated to design of an SEMG pattern identification and classification
methodology to control prosthetic devices.

Feature exaction and classification are the key concepts for processing and analyzing biomedical signals. Using
accurate and computationally efficient classifying of the SEMG signals patterns, considerable research was concentrated
in recent years, and various mathematical concepts were developed [7-8].
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There are many mathematical methods to analyze signals. The frequency content is determined by using Fourier
Transforms(FT). It is one of the main aspects of the feature exaction of signal processing [9]. Due to the non-stationary
nature of the SEMG signal, obtaining the frequency component is not sufficient for analyzing the signals. This effect is
because the FT loses time after transforming the time domain to a frequency domain signal [10]. Here, Fourier
transformed is a based line for frequency domain information extraction. We expected the trained neural network for
frequency information extracted from the highly compact signal burst in the time domain. However, with wavelet
transformed, we can extend this high quality feature with very high accuracy since most cardio signal burst looks
similar in the time domain. Therefore, it needs a method to analyze the signals without losing time when it converts to
the frequency domain. This paper introduced a novel and robust algorithm to feature exaction based on Wavelet
Transform(WT) and classification based on Artificial Neural Networks(ANN). The acquired SEMG signal was
decomposed using CWT by scaling five times for better time-scale resolution. Filter design plays an essential role in
capturing the SEMG signal in the signal acquisition step for exaction of the features and classification [12,13].

Primary research objectives include designing a low-cost body support system for disabled people. Further, The
design system must help simulate body movements for disabled parts of a human body utilizing existing functioning
parts in other body areas. During the design phase of this workout, we have been focused on identifying a suitable
method for high-quality feature extraction from electrical signals produced by cardio activity produced by mechanical
movements. Also, we have been given priority for proper system interfacing, as we have designed filters for a meager
cost electronic system. In this stage of development, we expected an accuracy of more than 75% for feature extraction
and neural network training. However, the proposed system is still influenced by a few noises. This can be overcome
by advancing its noise filtering ability over the working environment of this system.

2. Background

FT is a powerful tool used in engineering and science, which transforms a signal from the continuous-time domain
to the continuous frequency domain and vice versa and can be applied for periodic and aperiodic signals. Even though,
a serious drawback arises when transforming a signal using FT. When transforming a signal to the frequency domain,
time information will be lost. When looking at an FT of a signal, it is impossible to emphasize when a particular event

took place [11,12,14].
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Fig.1. Time-domain to the frequency domain

To analyze the signal in time-frequency joint representation, it is needed to divide the signal into several parts.
Then analysis can be done quickly to the separate parts of the signal. This method provides good information about
when and where the different frequency components exist in the signal. But the most important and challenging thing is
identifying the dividing point of the signal and selecting it for the analysis properly. A short time window can be used to
separate the signal into parts. The time, frequency, and time resolution depends on the size of the window. Therefore, it
is important to select a suitable window size to analyze the signal properly [15].

As a solution for the above issue in signal processing, Short Time Fourier Transform (STFT) was proposed by
Gabour in 1946 [15]. It was the earliest time-frequency representation of the signal. The FT was computed, and a
sliding temporal window was used to generate two-dimensional representations. It may examine how the signal's
frequency varies over time using the STFT.
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Fig.2. Time-domain to Time-frequency using STFT
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The signal information can be obtained from that window, and its resolution depends on the size of the window.
The narrow windows have good time resolutions. But its frequency resolution is poor because of its narrow size. The
wide window has a good frequency resolution. But its time resolution is poor. Another drawback of STFT is assuming
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the signal is stationary within the window size. FT and STFT are efficient tools for global analysis of signals but not
efficient for local analysis of the signals. STFT may have high time resolution or good frequency resolution, but not
both at the same time. This issue is linked to Heisenberg's principle of uncertainty. [15].

According to Heisenberg's uncertainty principle, knowing the precise frequency and time of occurrence of this
frequency in a signal is impossible. Another way, a signal cannot be described as a single point in time-frequency space.
The uncertainty principle demonstrates the significance of signal separation. [15,16].

WT is one of the best transform techniques used as a powerful tool rather than FT and STFT in non-stationary
signal processing. Its advantage, rather than other signal processing techniques, is, it facilitates the local analysis of
signals using shifting and scaling operations. It decomposes the desired input signal into a collection of basic
waveforms known as "wavelets." It allows you to examine these wavelets' coefficients (or weights) to evaluate the
signal [12,14].

2.1. Wavelet Transform and SEMG signal processing using Wavelet Transform

The physical meaning of WT is nothing. Nonetheless, it's a wavelike oscillation that, in a way, is confined, rises
from zero to maximum amplitude, then drops and returns to zero. Because the structural functions were generated by
scaling and translating the mother function, WT helps separate scale information while retaining some degree of time or
spatial locality; time-scale wavelets are especially suitable for studying fractal fields. WT is defined as a convolution
sum between the signal and wavelet function. Wavelet analysis used two types of functions, the scaling (¢) function,
and the wavelet (y) function. All waves cannot be defined as wavelets. Wavelets need to satisfy the number of
conditions mentioned below [14,17,18].

A wavelet (y) is in L2(R) , and it has other equivalent mathematical conditions.

Those are,
a 2
L s dt < @ (1)
S s (] dt = 0 )
+a [Py s()]
I ”iswa <a (3)

Py s (w) Is the FT of s, ¢ (£)And the third equation is called the admissibility condition.
Y, s (t) This is dilated with a scale parameter s and translated by u:

1 t—u
Vs = =0 (T) 4)
The WT of asignal f,can be written as
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DWT can be obtained by critically sampling CWT. Its integer translates are orthogonal to the scaling function. At
low scales, the scaling function spans subspaces nested inside those covered at higher scales.

j .
Djkx) = 2 /2<P(2]x —k) (6)

v, = span{(p]-,k (0} ()

V,cV cVycV, c -V,

Wavelet function fills up the gap between two adjacent scaling subspaces.

Yike = Zj/zlp(zjx —k) (8)
W; = span{p;, (1)} )
Vst =V, © W, (10)
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Fig.3. Scaling subspaces and Wavelet subspaces

Table 1. Scaling and wavelet bases behaviour

Functions Spaces Bases J e J e
A . Scaling V. { }
pproximations function i ‘Pj,k rEZ

Coarser Finer

Details Wavelet ¢/ Wi %k ez

In the scaling function, j is fixed, and it gives that time localization of the signal, and the wavelet function gives
both resolution and time information. There are different kinds of wavelets, and the choice of wavelets depends on the
"family," and the application of the signal one is trying to analyze [13,19].

Table 2. Wavelet Families

Wavelet Families Description

Morlet(morl) This wavelet is explicit but does not have a scaling function.

This wavelet has a scale function and is generated from a Gaussian second derivative

Mexican Hat (mexh) function proportional function.

Meyar(meyr) The frequency domain is used to define the scaling function.
Haar(haar) Discontinuous and resembles a step function. Haar represent as Daubechies db1.
Daubecheis(dbN) One of the brightest stars in wavelet research.
Symlets(symN) This wavelet is a modification to the db family.

Spilinebiorthogonal wavelets

(biorNr.Nd) This wavelet needed two wavelets for signal and image reconstruction.

The selection of the Wavelet basis function and the method of feature exaction is essential in this research. The
selection of wavelet basis depends on the application. According to most research, the Daubechies (Db) wavelet family
is the best appropriate wavelet for SEMG signal processing. In this research, Daubechies wavelets, Db4 was used [20],
[21].

2.2 Artificial neural network and neural classifier

A neural network comprises units, or neurons, that are organized in layers that convert an input vector into an
output vector. Every unit receives an input, performs a function, and then sends the output to the next layer. Typically,
networks are designed as feed-forward, with each unit feeding its output to all units on the next tier but no feedback to
the preceding layer. From input to output, signals in feed-forward ANNSs can only go one way. Because no layer affects
the same layer, there is no feedback to output. [22-24].

The neural network inputs are the features exacted using wavelet transform, feed to train the neural network. The
network has an input layer that uses to receive the wavelet features.
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Fig.4. Neural network architecture

3. Methodology

Applying conductive components or electrodes to the skin surface or invasively inside the muscle may be used to
assess EMG. The most frequent measuring technique is SEMG, which is non-invasive and may be performed by non-
medical people with little danger to the patient. The SEMG amplitude ranges from a few microvolts to a few milivolts.
Measurements of SEMG depend on several factors such as intensity of muscle contraction, distances of the electrode
from the active muscles, properties of the overlying tissue, electrode and amplifier properties, and quality of contact
between the electrode and the skin [25-26].

The raw signal includes essential information in a format that is not easily accessible. On the other hand, this
information can only be turned into valuable data if it is quantified using signal processing techniques to produce
precise and relevant structures in the data that can be used for tasks like pattern categorization. Data acquisition, Feature
selection, Feature exaction, and pattern classification are the four stages of sSEMG signal processing, which are
explained below.

SEMG signal

o

sEMG signal
acquisition

-

Feature
Selection

L

Feature
Extraction

v

Pattern
Extraction

STOP

Fig. 5: Block diagram of the system

3.1 Data acquisition

For noise filtering of the signal, active high pass, active low pass, and notch filter were used after the preamplifier
output signal. There are many active filter responses: Butterworth, Bessel, and Chebyshev. The responses of those
filters are different, and the use of the appropriate filter type depends on the application. By considering the maximum
flat response of the filer, active Butterworth filter architecture was used with Sallen-key topology [27-28]. Okawa
electric design tool was used to design the filters [29].
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In filtering, step 20Hz high pass and 500Hz bandpass active Butterworth filters were used in Sallen-key
architecture. 50Hz twin T notch filter was used to eliminate the power line interference. The fourth-order high pass filter

was designed by cascading two second-order fitters.
Cut-off frequency,

1

fc = 2m/R{C1R2C>
The transfer function of the filter,

Vout(s) __ Gs?
Vin(s) 52428 2nfo)s+(2mf,)?

Q-Quality factor and G-Gain,

1

T

G = R3+Ry

R3
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R2
R3 R4

Fig.6. 2"order Sallen-key high-pass filter topology
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(12)

(13)

(14)

To obtain the Butter-worth response of the fourth-order filter output, the gain of the first stage was set to 1.152,
and the damping ratio was 0.924, and in the second stage of filter, the gain was set to 2.235, and the damping ratio was

0.3825.

IpF

meif

Fig.7. 4" order Butterworth high pass active filter

In designing the second-order active low-pass filter, the gain was set to 1.586, and the damping ratio was 0.707 for

the Butterworth Sallen-key filter response.
Cut off frequency,

1

fc = 2m,/R{C1R2C>
The transfer function of the filter,

Vout(s) __ GQRmfe)?

Vin(s) s2+282nfL)s+(2mf)?

Q-Quality factor and G-Gain,
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Fig.8. 2" orderSallen key low pass filter topology
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Fig. 9. Twin T notch filter topology

A Twin T notch filter was used to eliminate the 50Hz noise from the SEMG signal. The notch filter's response is
characterized by a low degree of attenuation away from the notch frequency. The degree of attenuation increases as
signals approach the notch frequency, resulting in the characteristic notch filter response. Theoretically, the level of
attenuation provided by the Twin T notch filter at the notch frequency is infinite.

Center rejection frequency of notch filter,

(19)

1 1
fo = ;\} C2C3R3(R1+R2) (20)

3.2 Data collection and feature selection of SEMG signal

To achieve correct pattern recognition, the methodology for collecting SEMG signals is crucial. Only one person
was selected as a subject to collect the data. One subject with a healthy left forearm was taken for this study. When the
wrist moved in various motions, signals were gathered. For one movement, collected 60 sets of trials in one
experimental test.

RMS value of the signals, mean frequency, and median frequency is selected as the features to exact from signals
decomposed to various scales using CWT because many researchers used those features in their research [30,31]. The
RMS value provides a proper measurement of the signal power or amplitude. The mean and median frequencies are two
valid signal power spectrum measures. The average of all frequencies in the power spectrum is the mean frequency. The
frequency had 50%, or half of the frequency distribution on either side is the median frequency.

As mentioned above, feature selection was aimed to determine the RMS values of the signals, mean and median
frequencies from the average power spectrum for each signal at different scales of CWT.

n 2
RMS = |Ei=efi @1)
n
Where:
RMS: Root Mean Square,
A;: Amplitude in it" sample,
n: Total number of samples.
= _ ShofiAd
i @

Where:
F: Mean Frequency
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f:: Frequency in i*"* sample
A;: Amplitude in it" the sample,
n: Total number of samples.

The selection of the Wavelet basis function and the method of feature exaction is essential in this research. The
selection of wavelet basis depends on the application. Most studies of the SEMG analysis have concluded that the
Daubechies (Db) wavelet family is the most suitable wavelet for SEMG signal analysis. In this research, Daubechies
wavelets, Db4, were used [20,21].

4. Testing Results

Responses of conceptually designed filters are simulated using MATLAB software [32]. We used MATLAB
Simulink toolbox for a neural network trying purposes. The design system has been interfaced with a laptop to test the
neural network accuracy for many similar mechanical movements producing cardio signals. Therefore, we have
received successful mechanical movement identification through test results. Furthermore, we have been attached result
categorization coloring graphs provided by the MATLAB software interface to concrete the pieces of evidence. The
executable model was implemented by using the transfer functions of filters. The following figure shows the cascading
filter's response before and after applying the notch filter. Figure A shows the wideband filter response without a twin T
notch filter, and figure B shows the wideband filter response with a twin T notch filter.

(A) ()

Fig.10. Filter response without notch filter and with notch filter

Simulated filters in MATLAB software were implemented using appropriate component values, designed 20 to
500 Hz signal filters with rejecting 50 Hz line interference. Considering the above characteristics of filters, 20 Hz to 500
Hz wide bandpass filter was implemented by cascading the High-pass filter, notch filter, and low-pass filter one by one.

Fig. 11. Experimenting with filter circuits

They used the serial interface connection, sent the SEMG signal to MATLAB, plotted the signal in real-time, and
collected data in an Excel table. The output of the SEMG acquisition circuit was connected to the Arduino Uno
microcontroller board, and the signal was sent to MATLAB software by using serial communication. The Arduino
platform is so popular that even companies such as Math Works, which produces MATLAB, have developed software
to support it. MATLAB Arduino support package was used to connect the Arduino to MATLAB.
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4.1 Feature Exaction Results

Feature exaction and selection play an essential role in classifying the SEMG signal.

In this step, a Continuous

wavelet transform was selected to exact the features from signals in five different scales. Five different scales used here
are areas 8, 16, 32, 64, and 128. The exaction of lower scales contains high-frequency details, and the high scale
component consists of low-frequency details of the signal [33].

Table 3. Sample data set of exacted features in one trial

Scales Median frequency Mean frequency RMS
(Hz) (Hz) (mv)
8 58 72.3893 1.7730
16 57 57.2386 2.9534
32 24 24.7210 0.3189
64 12 11.2593 0.3004
128 8 7.3936 0.1334
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Fig.12. Signal decompose by using Daubechies wavelets

In this research, two sets of feature values were collected for two motions of the wrist arm. These features are the
inputs for a neural network pattern classifier. Table 4 shows the tabulation procedure of collecting the feature values in

one motion.

Table 4. Collection of feature values in all trials of one motion

FEATURE TRIAL 01 TRIAL 02 TRIAL 03 TRIALO4 | ... TRIAL 60
57 87 58 60 57
57 58 58 59 56
MEDIAN FREQUE-

NCY 27 18 20 20 27

12 14 12 1 13

8 8 8 9 8
57.4457 87.0235 67.18 72.8396 68.7243
56.829 58.296 57.7634 50.0348 56.3247

MEAN FREQUE-

NCY 27.6857 17.8358 19,9665 18.9003 19.8745
119555 13.8307 11.7706 10.9299 12.3211
7.3194 8.3437 7.7505 8.9669 7.5432
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1.636 1.3753 2.1477 2.7375 2.3124

3.36 1.9293 3.6234 4.1308 3.1239

RMS VALUE 0.8231 0.2914 0.4306 0.3893 0.4398
0.6057 0.3695 0.5454 0.7071 0.4765

0.2901 0.1263 0.2089 0.2874 0.2983

4.2 Pattern classification results

The ANN was utilized to categorize the raw signal and the signal after Wavelet Transform decomposition. It was
created with the help of the MATLAB software program [34]. The network has one input layer (15 neurons), one
hidden layer (25 neurons), and one output layer (2 neurons). All hidden nodes and the output layers used the sigmoid
function as their threshold function. As a first step, the signals were decomposed using a continuous wavelet described
earlier. Features were obtained by using the decomposed signals. The reason for choosing these levels because the
critical frequency range of the SEMG (20 — 500 Hz) is covered by this range for the given sampling rate. The CWT was
implemented using MATLAB's Wavelet Toolbox. Daubechies wavelet function is used here, which was explained
earlier.

Neural Network

Hidden OQutput

Fig.13. ANN building block in MATLAB GUI

The ANN was trained for the wavelet coefficients for each of the levels of resolution. The network was trained
using the MATLAB toolbox's feed-forward backpropagation training algorithm [34]. The confusion matrices for
training, testing, and validation are shown in the figure below, and the three types of data are merged. The total
accuracies are shown in the bottom right blue squares. If there are a large number of right answers in the green squares
and a small number of erroneous responses in the red squares, the network outputs may be highly accurate.

Training Confusion Malrix Validation Confusion Matrix

Outpid Class
4

] 1

z 2
Target Class Target Class

Test Confusion Matrix All Confusion Matrix

Cutput Class
*a

Culput Class
[N

i

2 2
Targe! Clags Target Class

Fig.14. MATLAB figure showing training, validation, test, and all confusion matrixes for ANN

The confusion matrix result shows the system's training, validation, testing, and overall accuracy. According to
these preliminary results, the overall accuracy of the pattern classification system is 77.4%. The pattern classification
accuracy depends on many design factors used to implement the classifier. Otherwise, it can be concluded that the
classification efficiency will increase if the network is provided with enriched EMG signals. A good classification can
be obtained in that situation, leading to a suitable human-computer interaction [35-38].
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5. Conclusions

This research's scope mainly covers three areas: the study of neuromuscular behavior of the human arm and
designs of a signal acquisition circuit, selection and uses of the feature exaction, and finally, the design of a pattern
classification system. Considering the characteristics of SEMG signals, wavelet transform was applied to the feature
exaction step. There were some difficulties in capturing the SEMG signals due to noises and power line interference.
Therefore it have to use filter circuits properly to acquire the row SEMG. During the experiment, data were collected for
two hand movements and filtered the data. These data were exacted the features using wavelet transform, and those
features were used to train an ANN to classify the patterns and overall accuracy of the pattern classification system was
77.4%.

After completing design, the system is implemented using the harwares, wavelet IC, Neural IC, and other
components. TMS320C55x is a commercially used wavelet IC, and CM1K chip is a commercially used neural IC with
1024 neurons.Finally , the designed system was tested with many hand-movements and working accurately.
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