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ABSTRACT

Hands are the most crucial organs and they play a major role for human activities. Therefore amputee people
experience many difficulties in daily life. To overcome these difficulties, prosthetic hand is an effective solution.
In order to automate the control of prosthetic hands, surface Electromyogram (sEMG) signals and machine
learning techniques play a vital role. In this work, a novel Fractional Fourier Transform (FrFT) based iterative
feature extraction method is proposed. The proposed FrFT based hand gestures recognition method consists of
feature selection by using 2 levelled feature selection method and classification using KNN classifier. The
proposed method is tested using a SEMG dataset, which are collected from amputee participants. Based on the
evaluations, the proposed FrFT based hand gestures recognition achieved 88.2% accuracy rate by using K
Nearest Neighbor (KNN) classifier.
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I. INTRODUCTION

Electromyography (EMG) refers to the collective electrical signal from muscles, which is controlled by the
nervous system and produced duringmuscle contraction. EMG is used as a diagnostics tool for the diagnosis of
neuromuscular or motor control pathological conditions. EMG is acquired from electrodes mounted directly on
the skin, the signal is a composite of all the muscle fiber action potentials occurring in the muscles underlying
the skin. Surface EMG is a method of recording the information present in these muscle action potentials. The
signal represents the anatomical and physiological properties of muscles; in fact, an EMG signal is the electrical
activity of a muscle's motor units, which consist of two types: surface EMG, and intramuscular EMG. A muscle
is composed of bundles of specialized cells capable of contraction and relaxation. The amplitude range of EMG
signal is 0-10 mV (+5 to -5) prior to amplification. The EMG signals acquire noise while travelling through
different tissues. It is important to understand the characteristics of theelectrical noise associated with the EMG
signal.

The body-powered prosthetic hand does not mimic the natural human hand movement. The user intention-
controlled devices mimic the natural human movement. The user intention for the control of hand may be

obtained from physiological control signals acquired through sensors. The sensor technology interfaces the
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human control signals to the artificial hand. Modern prosthetic hands incorporate surface electrode to interface
artificial hand through myoelectric control signals to human. The surface EMG signals for artificial hand
control are sensed from the surface of the skin and are preferred due to their ease of access and the procedure
being non-invasive. The dexterity of prosthetic hand is less in surface EMG due to limitation in identifying the
locations to acquire signals.

The remainder of the paper is organized as follows. Section II presents the related work. The proposed method

is described in Section III. The obtained results are reported in Section IV. Conclusions are drawn in Section VI.

II. RELATED WORK

Ahmed Ebied et al [1]proposed a Constrained Tucker Decomposition (ConsTD) method for efficient synergy
extraction building onthe power of tensor decompositions. This method is proposed as a direct novel approach
for shared and task-specific synergy estimation from two biomechanically related tasks. Our approach is
compared with the current standard approach of repetitively applying non-negative matrix factorization (NMF)
to a series of movements. The results show that the consTD method is suitable for synergy extraction compared
with PARAFAC and Tucker. It provides more direct and data driven estimation of the synergies in comparison
with NMF based approaches.

Abdulhamit Subasi et al. [2]proposed an ensemble model for hand movement recognition based on the tunable
Q-factor wavelet transform (TQWT). Bagging and Boosting ensemble classifiers is assessed for the basic hand
movement recognition to construct a prototype system with the aim of controlling hand. TQWT is used for
feature extraction from the sEMG signals, then, statistical values of TQWT sub-bands are calculated.
Performances of the Bagging and the Boosting ensemble classifiers are compared in terms of different
performance measures Ensemble classification method applymultiple classifiers for the same classification
problem.

Di Wu et al. [6] proposed Deep Dynamic Neural Networks (DDNN) for multimodal gesture recognition. A
semi-supervised hierarchicaldynamic framework based on a Hidden Markov Model (HMM) is proposed for
simultaneous gesture segmentation and recognition where skeleton joint information, depth and RGB images,
are the multimodal input observations. The Gaussian - Bernoulli Deep Belief Network (DBN) is proposed to
extracthigh level skeletal Joint features. It is used to estimate the emission probabilityneeded to infer gesture
sequences. This purely data driven approach achievesa Jaccard index score of 0.81 in the ChaLearn LAP gesture
spotting challenge.The performance is high with a variety of state-of- the-art hand-tuned feature-based
approaches and other learning-based methods.

Eric J. Perreault et al. [8] proposed Myoelectric pattern recognition algorithms for the control of powered lower
limb prosthesis but electromyography (EMG) signal disturbances remain an obstacle to clinical implementation.
To address this problem, we investigated using a log likelihood metric to detect both simulated EMG
disturbances and real disturbances acquired from EMG containing electrode shift. We designed a Linear
Discriminant Analysis (LDA) classifier that uses log likelihood to decide between using combination of EMG

and mechanical sensors. The LDA classifier had significant lower prediction errors and had a false positive

International Journal of Scientific Research in Science, Engineering and Technology | www.ijsrset.com



Volume 9, Issue 12 - Published :June 20, 2022 Page No : 466-474

threshold. The log likelihood threshold could be applied to determine whichEMG channel contains
disturbances.

Ghulam Rasool et al.[10] proposed muscle synergy based TaskDiscrimination (MSD) Algorithm that
incorporates information about muscle configurations. The synergy activation coefficients are modeled as the
latent system state and are estimated using a constrained Kalman filter. These task- dependent synergy
activation coefficients are estimated in real-time from the electromyogram (EMG) data and are used to
discriminate between various tasks. The task discrimination is helped by a post-processing algorithm that uses
posterior probabilities. The MSD algorithm is more robust todiscrimination errors than the widely used LDA.
The proposed algorithm is computationally efficient, yielding a decision with >90% discrimination accuracy in

approximately 3 ms.

III. METHODOLOGY

—| Sensing ‘— Pre Processing

Feature Extraction

Applcation H Classification

Figure 3.3 Block diagram of the proposed classification method

Figure 3.3 shows the block diagram of the proposed classification process. The novelties and the contributions

of the proposed framework aregiven as follows:

e  Pre-processing is done for the obtained sSEMG signal that includes amplification and spatial filtering.

e  Feature extraction is done using Fractional Fourier Transform (FrFT) from which real and imaginary parts
of FrFT coefficients is obtained.

e A two level feature selection method, which uses windowing and t- test approach together to select the
discriminative features.

e In the classification phase, a K Nearest Neighbor (KNN) classifier is used to demonstrate the strength of the
extracted features. The results clearly indicate that the extracted features are distinctive.

e  High success rates are achieved using the KNN based sEMG signal classification method for hand gestures

recognition.
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The sEMG signals are acquired from the muscles using SEMG sensors and then denoised to eliminate the
artifacts. In the second phase, the informative features are extracted from the sEMG signals acquired from the
previous stage to form feature vectors. In the third phase, Feature selection is done from the extracted features
using Windowing and t-test method. Finally conventional classifier namely KNN classifier is selected to show
discrimination of the developed method.

The Pre-processing of sSEMG signals includes both amplification and filtering. The amplification is done by the
factor of 1000. The amplification is done to improve the strength of the SEMG signals. The spatial filtering is
done to remove the artifacts and noises associated with the obtained sEMG signal.

From the literature, multilevel feature extraction networks extract many features and parameters, settings of
them is very hard. However, FrFT uses cognitive, light weight and effective algorithms together. Moreover
statistical feature extraction method are very effective for signal processing. The FrFT relates a signal sampled
in time or space to the same signal sampled in frequency.

The FrFT is an integral transform it is given by Equation (3.1)

fa (=)~ (. w)f{u)dw (3.1)

where, ka(u, w') is the kernel function. The kernel function can be expressed as Equation (3.2)

(u,u)=Aaexp [i(cotau22cscauu’ +cotau?)] (3.2)

where the amplitude A« is given by Equation (3.3)

Aa=V1 —icota (3.3)

Where a is the multiple of , @ = arr and a is the number of rotations on the 2 2 interval O< |a|s2 .Thus the Real
and Imaginary parts of FrFt coefficients are extracted as features.

The Feature selection is done by using two techniques namely windowing and t-test approach. The Windowing
technique is done by using the rectangular window of size 128 ms. It computes the mean and standard
deviation of the FrFT coefficients.T-test approach computes the maximum of FrFT coefficients.

In the classification phase, K Nearest Neighbor (KNN) is used for hand gestures recognition, as K-NN is one of

the simplest classifiers. The algorithm for the KNN classifier is given below

Algorithm 1 KNN based classification

Stepl: Choose the number of K Neighbors

K=5

Step2: Compute the K neighbors of the new data point according to some distance measure such as Euclidean
st=[(x2 - x1) + (y2 - y1)]

d2 2

Step3: Count the number of datapoints from each category among the neighbors in step2

Step4: The new datapoint is assigned to the category with most neighbour.

The above algorithm can be used to solve both regression and classification problems. It stores all available data

and classifies new datapoint based on similarity.

International Journal of Scientific Research in Science, Engineering and Technology | www.ijsrset.com



Volume 9, Issue 12 - Published :June 20, 2022 Page No : 466-474

IV. EXPERIMENTAL RESULTS

The muscular activity is gathered using 2 Thalmic Myo armbands. The database can be used to test the Myo
armbands separately as well. The subjects in this database wore two Myo armbands one next to the other,
including 16 active single—differential wireless electrodes. The top Myo armband is placed closed to the elbow
with the first sensor placed on the radio humeral joint, as in the standard Ninapro configuration for the equally
spaced electrodes; the second Myo armband is placed just after the first, nearer to the hand, tilted of 22.5
degrees.

A multi-channel EMG signal recording system was used to acquire the data at a sampling rate of 2000 Hz. Ten
movements containing several finger and grasp movements were used. These movements are cylindrical grasp,
tip grasp, hook grasp, palmar grasp, spherical grasp and lateral grasp. Figure 4.2 shows the input EMG signals

for all the ten finger movements.
Input EMG Sgnals of 10 Finger Movements
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Figure 4.1 Input EMG s1gnals for the ten fmger movements

The input EMG signals are amplified to enlarge each information which can control the prosthetic hand of myo
signal.

Denoising stands for the process of removing the noise, i.e the unwanted information present in the signal. The
wavelets are used for noise removal. The shrinkage methods for noise removal have led to a variety of

approaches to signal denoising
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Figure 4.2 Denoised EMG signal for 10 finger movements
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The experiment was implemented using the proposed Fractional Fourier Transform (FrFT) feature extraction
network, 2 layered feature selection and the classification using the K-Nearest Neighbor (k-NN) classifier.
Figure 4.3 shows the features selected for the ten finger movements after the T-test Approach. The selected
features are

e The maximum of the FrFT Coefficients.

e The standard deviation of the FrFT Coefficients and

e  The mean of the FrFT Coefficients.

Features Selected for 10 Finger Movements after t-Test Approach
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Figure 4.3 Features selected for the ten finger movements after the T-test Approach

Figure 4.4 shows the features selected for the six hand grasps after the T- test Approach.

Feoaturas Selectod for Hand Grasp Movemants after t=Test Approach

Maximum of TrFt coaffleciants
.06 T T

o P
£ A
E 0 z/ \\\
f"-’ \\
E o 0z /"/ \\\\
=
i e .
0 7 o o et
L} H P = L T
Std of frFt cooffocionts
(SN T T T
4
5 o.oos »-"ﬁl-““ﬂ-._ﬁ_h -
&= - — —
o o - — o
£ - e e
E ooon - —— o
0 o i
.o -
N} (=3 = L T
1 i Moan of frFt cocffocionts
L T T
.-/saq“‘u. -
- - o
2 - "'H-..\_H_ __;-ﬂ'f -
- . —
-~ — e
F - - P E
- —
(] - — i
<= ' T
L L= P E=3 L T

Figure 4.4 Features selected for the six hand grasps after the T-test Approach
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In order to measure the performance of the proposed framework, accuracy, specificity and sensitivity were
calculated. To evaluate these performance metrics, true correct classifications of each class, which are True
Acceptance Rate (TAR), False Acceptance Rate (FAR), True Rejection Rate (TRR), False Rejection Rate (FRR)
number of true positive (tp) andnumber of false negative (fn) were calculated. The Equations.(4.1) — (4.3)

mathematically explain the performance metrics of the classifier.

Accmacgr: TAR+FAR {41}
FRR+FAR+TRR+TAR

{True Negativity)

Specificitv= — —— (4.2)
(True Negativitp+Ealse Negativity)
cir ty
Sensitivity="— 4.3)

(tp+fn)

Table 4.1 presents the performance of the proposed work in terms of accuracy, specificity and sensitivity. The

proposed work achieved accuracy of about 88.2% , specificity of about 95.46% and sensitivity of about 89.5%

Table 4.1 Performance measures

Parameter Value (%)
Accuracy 88.2
Specificity 95.46
Sensitivity 89.5

V. CONCLUSION

A lightweight, cognitive and highly accurate sSEMG classification method is developed in this work. The
developed sEMG signal recognition method employs FrFT based feature extraction network, 2-layered feature
selection method and the KNN classifier. The utilized 2-layered feature selector selects three most
discriminative features and those features are classified using KNN.The proposed method achieves an
classification accuracy of about88.2%. Besides the classification accuracy, specificity and sensitivity of the
results are given as well. These results clearly indicate that the developed method improved the success rates of
the sEMG hand gestures recognition.In the future work, novel signal processing methods and Artificial Neural

Networks can be proposed to enhance the classification accuracy.
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