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Abstract: Brain-computer interfaces (BCls) records brain activity using electroen-
cephalogram (EEG) headsets in the form of EEG signals; these signals can be
recorded, processed and classified into different hand movements, which can be
used to control other [oT devices. Classification of hand movements will be
one step closer to applying these algorithms in real-life situations using EEG
headsets. This paper uses different feature extraction techniques and sophisticated
machine learning algorithms to classify hand movements from EEG brain signals
to control prosthetic hands for amputated persons. To achieve good classification
accuracy, denoising and feature extraction of EEG signals is a significant step. We
saw a considerable increase in all the machine learning models when the moving
average filter was applied to the raw EEG data. Feature extraction techniques like
a fast fourier transform (FFT) and continuous wave transform (CWT) were used
in this study; three types of features were extracted, i.e., FFT Features, CWT
Coefficients and CWT scalogram images. We trained and compared different
machine learning (ML) models like logistic regression, random forest, k-nearest
neighbors (KNN), light gradient boosting machine (GBM) and XG boost on
FFT and CWT features and deep learning (DL) models like VGG-16, Dense-
Net201 and ResNet50 trained on CWT scalogram images. XG Boost with FFT
features gave the maximum accuracy of 88%.

Keywords: Machine learning; brain signal; hand motion recognition; brain-
computer interface; convolutional neural networks

1 Introduction

Amyotrophic lateral sclerosis (ALS) is a growing disease related to the nervous system that attacks nerve
cells in the brain and disturbs muscle movement control. It is one of the rapidly spreading diseases as the
symptoms of this disease get worse over time. Currently, medical science has no efficient treatment for
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this disease. Thus, it is highly desirable to detect it at an early stage. BCI offers patients with ALS and other
neurological disorders to control prosthetic hands, wheelchairs, etc. [1]. Brain-controlled wheelchairs can
improve the quality of life of an individual suffering from ALS. BCI has numerous other applications like
controlling mouse cursors using imagined hand movements [2]. It used only one channel EEG signal to control
a mouse pointer; this study uses eye blinks to switch between cursor movements like linear displacement.
Spinning uses attention level to modulate the cursor’s speed. It can also be used to classify inner speech; Kumar
and Scheme [3] proposed a deep spatio-temporal learning architecture with 1D convolutional neural networks
(CNNs) and long short-term memory (LSTM) for the classification of imagined speech. There are two types of
techniques to measure brain signals, invasive and non-invasive procedures. First, electrodes are placed within or
on the surface of the cortex and in the second, electrodes are placed on the scalp of the head. EEG is a non-
invasive technique to measure brain signals using EEG headsets; these headsets have electrodes placed on the
scalp of the head. The most challenging part is to extract brain commands from the brain signals as these
signals have a low signal-to-noise ratio (SNR). The feature extraction method removes the features from raw
brain signals and uses machine learning algorithms to classify them.

BClIs measure brain activity using different techniques, analyze it, extract essential features and convert
those features into commands that can control output devices like prosthetic hands, wheelchairs, loT devices,
etc. [4]. After reading brain signals, it will be processed and features will be extracted using different feature
extraction methods like FFT and CWT. Using these features, brain commands will be extracted out using
sophisticated ML models [5]. Once the brain commands are received, they will be directed towards the
IoT devices that need to be controlled, in our case, its prosthetic hands and this is how the patient will be
able to use BCIL. The most challenging part of this project will be to extract brain commands from EEG
Signals as EEG Signals have low SNR. Therefore, two types of noise are coming into the picture:
external and internal noise (user-induced noise) [6]. These signals can be removed using signal
processing and feature extraction techniques [7].

This study used a publicly available EEG dataset with events like hand motions and compared different
ML models like logistic regression, random forest, KNN, light GBM and XG boost on FFT and CWT feature
extraction methods. In addition, some deep learning (DL) approaches like VGG-16, DenseNet201 and
ResNet50 are also used here. This study used different metrics like precision, recall, F1-score, support
and accuracy to compare these ML and DL models. To progress this research, it is decided to use
publicly available data from Kaggle, which have events like hand movements. This dataset was used in
mind that the methods and machine learning algorithms we will be using can later be used for the
wheelchair control dataset. The dataset used in this study was already epoched and pre-processed; we
applied moving average filter as a processing technique and feature extraction methods like FFT and
CWT. The main aim of this paper is to create brain-controlled interfaces for patients who have ALS.
With the help of EEG headsets, patients will control IoT devices, wheelchairs, etc.

2 Literature Survey

Alam et al. [8], in 2021, used the power spectral density (PSD) feature extraction technique on Graz BCI
competition IV dataset 2b and a significant increase in classification performance was observed. The
classification was done between two classes of motor imagery left-hand and right-hand movement. Linear
discriminant analysis (LDA) classifier gave 0.61 Cohen’s Kappa accuracy [8].

Iscan and Nikulin in 2018 used SSVEP-based BCI parallelly during the conversations as some subjects’
perturbations resulted even in better performance. For example, the decision tree gave excellent results
(>95%) when compared with K-NN and naive Bayes algorithms [9].

Al-Fahoum et al. [10], in 2014, compared different feature extraction methods like FFT, time-frequency
distributions (TFD), wavelet transform (WT), eigenvector methods (EM) and auto-regressive method (ARM)
based on performance for a specific EEG task [10].
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Narayan et al. [11] in 2021 applied different machine learning algorithms like support vector machine
(SVM), LDA and multi-layer perceptron (MLP) classifier on EEG dataset acquired from 20 subjects; the data
was pre-processed and followed by feature extraction and classification, it was found that SVM gave the best
classification accuracy of 98.8% [11].

Lazarou et al. [12] in 2018, proposed an EEG-based BCI system for oneself with motor impairment for
communication and rehabilitation like TTD system, Graz BCI system, web browsers, game applications, cursor
movement system, virtual environments, speller systems like P300 and control of external applications [12].

Chaurasiya et al. [13], in 2015, applied the SVM classification technique to obtain an accurate and quick
solution for the detection of target characters linked with the P300 speller system for BCI. This system needs
the least pre-processing and gives a considerable transfer rate, fitting online analysis [13].

Zhang et al. [14], in 2020, used a deep attention-based LSTM network to classify hand movements using
EEG and deployed LSTM to identify left/right-hand movement [14]. In addition, LaRocco et al. [15] in
2020 detected drowsiness with EEG headsets.

Bilucaglia et al. [16] analyzed previously recorded EEG activity while healthy participants were
provided with emotional stimulation and high and low stimuli (auditory and visual). His target is to
classify signal that was to initiate pre-stimulus brain activity. This paper compared three classifiers,
namely, KNN, SVM and LDA using temporal and spectral features. Bilucaglia et al. [16] conclude that
temporal dynamic features give better performance in terms of accuracy. Additionally, SVM with
temporal features achieved 63.8% classification accuracy.

3 Methodology

This study uses different feature extraction methods and machine learning models to predict the
probability of fist motion on EEG records. The dataset consists of already epoched EEG data for
19 electrodes which were then processed using moving average for noise removal; different feature
extraction methods are applied like FFT [17] and CWT [18]. Two types of data were generated from the
CWT feature extraction method, i.e., CWT coefficients as features and CWT signal spectrum image as a
feature. On these features, different machine learning models were trained and compared. The overall
workflow for EEG data analysis is shown in Fig. 1.
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Figure 1: EEG data analysis process

3.1 Dataset Description and Visualization

The dataset consists of already epoched EEG data for 19 electrodes i.e., ‘C3’, ‘Cz’, ‘C4’, ‘Fp1’, ‘Fp2’,
‘F7’, ‘F3°, ‘Fz’, ‘F4°, ‘F8’, ‘T7’, ‘T8, ‘P7’, ‘P3’, ‘Pz’, ‘P4’, ‘P§’, ‘O1’, ‘02’. There are 180 epochs with
three conditions i.e., resting state (1) and hand movements (2 and 3). This headset follows 10-20 system of
electrode placement method which basically describes the location of scalp electrodes as shown in the Fig. 2.
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Figure 2: International 10-20 system for electrode placement [19]

EEG data used in this research have opted from BCI EEG data analysis (NEUROML2020 class
competition) [20].

Dataset snapshot of BCI EEG epoched signals is shown in Fig. 3; these recordings contain three events:
event-1: resting-state, event-2 and event-3: hand motions. We generally get a continuous EEG signal from
these headsets, which are further pre-processed and split into epochs. Dataset opted in this study is
already epoched, because of which column named epoch is given (having epoch number) with the
corresponding column named condition (1, 2 or 3). Each epoch is of size 81 which is shown in time
column (0, 1, 2, 3....80, 0, 1, 2, 3....80 etc.).

time condition epoch (=] Cz ca Fp1 Fp2 F7 F3 Fz F4 F8 7 T8 P7 P3 Pz

[ 0 1 0 -5.885714 -2.533107 9.866895 7.962973 5694433 23.638605 27.899784 13487987 6.664778 23.588723 12178548 0685809 -4.887397 -10.646985 -14.735646

1 1 1 0 -7.999715 -16.916729 -11.924855 17.955477 8.526994 56635981 28.508435 6.782457 -0.899474  1.045533 14656061 -4.119778 -4.632381 -17.980657 -23.456960

2 2 a 0 -6.727283 -15.979567 -11.114195 17.183478 4.497028 43.914130 10.079754 -6.513665 -13.268111 -14.741630 14.793562 -6.624813 -3.402757 -10.269473 -18.736144

3 3 1 0 6819390 -0.204905 10.090124 20265222 7.843006 36.250611 13.291199 -1.018772 -9.406679 -7.135541 21.723419 -2.276825 2.066859 4325365 -2.803322

4 4 1 0 13129486 -5.817193 5.040633 19.462210 9.634234 42311729 20.641012 3.262756 -3.990618 0.015602 19.703190 3.739076 2.714350 3251047 -3.631448
14575 76 1 298 23570607 53678503 40.020477 27204096 26102917 31.317942 37.206302 41.552791 38.918257 20623106 30.746126 30.447045 24.371562 63.318084 45.096615
14576 7 1 298 13.056247 44617147 45410663 10.309463 17.300958 11.984368 20213478 27.933265 27.442148 12.086459 6.021088 11.759970 18.944535 48614060 35531916
14577 78 1] 298 8096050 33230096 37.263600 -0926629 11493239 5080497 3.834894 18864784 22401319 4615262 -5846025 -1.331130 12233314 43337987 26.913521
14578 79 1 298 0264205 18232656 14.506337 5226056 16.266549 10.892078 22.920542 20647841 21358871  7.045203 13.300687 2710775 6.088290 45822626 15.439944
14579 80 1 298 4620082 17.223667 8.692216 15467168 19.603820 13.010190 43.573690 29.271379 22703370 15264282 30.987253 9.266135 -2.762612 38.904476 11.205237

14580 rows x 22 columns

Figure 3: Dataset snapshot of BCI EEG data analysis

This data was already pre-processed, though it was not mentioned in the EEG data description. EEG raw
data pre-processing includes removal of DC component and it is usually done before epoching. Specifically,
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we removed the DC component by calculating the mean and subtracting it from the EEG readings (data-
mean), which gave us a negligible mean, implying that the data was already pre-processed.

Here, BCI EEG data was visualized for each electrode to differentiate between the conditions. The mean
of all epochs for condition one was plotted for all the 19 electrodes during the epoch period of 80 s, similarly
grouped for second and third conditions, representing hand motions as shown in Fig. 4. These visualizations
distinct the two conditions, i.e., hand movement and no hand movement (steady-state).
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Figure 4: Left visualization is for condition 1 (steady-state) and right visualization is for condition-2 and 3

(hand motions)
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3.2 Data Processing

The moving average is one of the most common approaches used to capture significant trends in time
series data. In addition, a finite impulse response (FIR) filter is used for a set of time-series data points by
comparing different subsets of time-series data sets.

x(n):x(n—2)+x(n—1)—|—x(5n)+x(n+1)—|—x(n+2) )

EEG brain signals can also be seen as a time series; therefore, moving average is used to remove the
EEG signals’ artifacts and noise, as shown in Fig. 5.
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Figure 5: Moving average filter applied to an EEG signal

3.3 FFT Feature Extraction

Frequency domain features were extracted using FFT, a widespread feature extraction method [17] for
raw EEG signals.

The considered dataset consists of EEG signals in the time domain and any time-dependent signal can be
subdivided into a collection of sinusoids that can represent a single frequency. FFT converts the signal from
the time domain to the frequency domain. Therefore, we can extract all the frequencies (sin waves) from
which the signal is composed (ex: after performing the FFT, the raw EEG signal gave the frequencies:
2 Hz, 2.3 Hz, 13 Hz and 20 Hz). There are several types of brain waves, as shown in Fig. 6.

After applying FFT on raw EEG, we can use frequencies to say which waves dominate a specific event.
We compared the bands for both the conditions (i.e., steady-state and hand motions).

As shown in Fig. 7, results show an increase in theta and alpha bands when the subject moved a hand.
This concludes that the person goes from unconsciousness to consciousness when he does some action, i.e.,
hand motions.

Using the FFT feature extraction method, 180 epochs data were obtained; we calculated delta, theta,

alpha and beta EEG band values for each channel. We took the standard deviation for each channel as an
expected value. This makes a total of 19x4x2 =152 Features, as shown in Fig. 8.

3.4 CWT Coefficient Feature Extraction and Scalogram Images

CWT feature extraction method applies inner products to estimate the pattern match between morlet
wavelet (y) and EEG signal. CWT analyzes the EEG signal to stretched and shifted versions of
compressed morlet wavelets. For a scale parameter, a> 0 and position, b, the CWT given by Eq. (2):
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Figure 6: Different brain signals and their range [21]
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Figure 7: Comparison of different bands of both the conditions (steady-state and hand movement) for the Cz
electrode

In this study, we trained our machine learning model in this CWT Coefficients. As a result, we obtained
128 Features from CWT coefficients for each epoch, as shown in Fig. 9.

To apply CNN [22], we used scalogram images obtained from CWT coefficients, as shown in Fig. 10.
These images are of dimension 32x81, where we used 32 CWT features and 81-time points of an epoch. We
extracted images for each channel of each epoch which generated a total of 19x180 =3420 images.
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condition C3_delta_std C3_delta_mean C3_theta_std C3_theta_mean C3_alpha_std C3_alpha_mean C3_beta_std C3_beta_mean Cz_delta_std (z_deltamean Cz_theta_std Cz_theta_mean Cz_alpha_std

o 0 256.410265 290.408262 286.425106 653.639467 34.991185 79.085484 39.444425 40.772288 285.775801 332.511535 194.404853 561.873479 92.961601
1 1 261.925860 271.297479 70.496869 285.997220 21.406817 55.399001 19.318858 22594648 458.343692 488.224167 116.665420 538.263453 51.618546
2 1 66.400836 69.766285 17.994250 59.115855 23297145 26.643615 18.875877 17.065405 5.738675 6.855259 17.831967 108.041864 46.904288
3 0 15.127490 20.260686 37.681442 163.348528 21.740526 42471718 12.043535 12.962113 69.220172 91.568040 72.903885 157.493401 10.011777
4 0 248.698723 250.319873 3.913770 159.334747 25.847897 118.846743 30.888301 24699982 258.602155 262.089110 42.249036 159.014462 35.085030
1786 1 187.678752 188.637143 57.927529 289.493325 48636260 111.215710 28.089323 40.130687 367.809047 405.681475 105.999257 464333424 63.010880
176 0 159.337798 197.897088 26.095134 94.472401 64605243 103.599148 51.669645 42614022 60.986937 83.754086 12.301141 50.096550 127.474385
177 0 223.775268 234120474 40.817140 231.058270 56.415247 152.357154 28.488003 38.167354 194.018207 195.927907 11.163329 324911472 57.164653
178 1 305.676955 311.279564 128.988552 399.216839 9.069312 85.350957 31.879384 53.084667 240.843659 241.894373 43.989538 455.139086 25.520621
179 0 271.394022 273.799785 156.437162 484.821635 107.880195 230.170413 70.885058 58.851314 73.893571 115.709773 213.799002 729.163649 32.527627

180 rows x 153 columns

Figure 8: Data snapshot of FFT features

condition Feature-1 Feature-2 Feature-3 Feature-4 Feature-5 Feature-6 Feature-7 Feature-8 Feature-9 Feature-10 Feature-11 Feature-12 Feature-13 Feature-14 Feature-15

o 0 20.951116  21.204151 21.033065 20.971704  20.888859  20.005835 18.917572 19.575661 19.890235 22.033109 23245441 24506144 27.558072  29.956013 35242179
1 1 -150.383029 -149.929814 -149.893496 -149.663644 -149.372585 -149.480254 -149.893255 -149.305090 -150.030784 -148.831380 -148.591818 -148.638372 -147.325242 -148.419031 -147.860327
2 1 109.965800 110.152654 110.055084 110.176703 110.412071 110.625702 111.097423 112.226308 113.742158 116.076071 119.386898 123.795185 129.292624 135794479 142.940532
3 0 16.845783 17.073533 16.970866 17.196565 17.534313 17.812036 18.230619 19.308779 20.038617 21.470872 22665193 23.882867 25648290 26.944632 29.109507
4 0 -43670047 -43.485977 -43497124 -43.420002 -43.250328 -43.236273 -43.458673 -43.273287 -43.559816 -42.842071 -42.165306 -41.209348 -39.544949 -38.966068 -37.791984
175 1 -56.205129 -55.565393 -55.684564 -55.480752 -55.064618 -55.352506 -55.781899 -54.553505 -54.054798 -50.926751 -46.941141 -41.201785 -32.087291 -21.697201 -6.606874
176 0 35242412 36.159803  36.018015 36.656539 38728022 42956796 50658860 61.202999  71.767374 80.822731 87.748758  91.750993 92831118  92.438926  90.200214
177 0 69622065 -69.173499 -69.135891 -68.874757 -68.351715 -68.125742 -68.243215 67.697702 -67.392988 -65.243658 62423734 -58.946763 -54.466736 -50.989320 -46.615623
178 1 227185742 226680319 226.281222 225861969 225483554 225190527 225122332 225196572 225.886747 226621342 227.792752 229.536996 231.264699 233.887112 236.621413
179 0 -110.792579 -109.971520 -109.883547 -109.516608 -108.828862 -108.783006 -109.125220 -107.750498 -107.979629 -105.736345 -104.393564 -102.766250 -98.553782 -96.499526 -91.532109

Figure 9: Data snapshot of CWT features

3.5 Classification

This study applied 5 different classification models on FFT features and CWT features, this includes
logistic regression [23], random forest [24], KNN [25], light GBM [26] and XG boost [27].

Light GBM trained on FFT features and CWT features have the following parameters:
objective = binary, tree learner = data, number of leaves =99, learning rate = 0.1, bagging fraction=0.8,
bagging freq =1, feature fraction = 0.8, boosting type = gbdt and metric = binary logloss.

The random forest model, trained on FFT Features, has criterion=entropy, min samples leaf=>5, min
samples split=2 and several estimators =700 and for CWT features, it is criterion=gini, min samples leaf
=5, min samples split=2 and number of estimators = 400.

XG Boost, which is trained on FFT features, has an objective of binary logistic with the number of
estimators = 10 and the model trained on CWT features has the same objective but with the number of
estimators = 20.

KNN model have the following parameters neighbour =2, leaf size =30, metric="minkowski’, p=2,
weights=‘uniform’ for FFT features and CWT features.

For classifying CWT scalogram images, pre-trained models like VGGnet-16, DenseNET201 and
ResNet-50 were used with weights of the ImageNet. The model inputs a 32x81x3 input, where 32 are
CWT features extracted and 81-time points. This image was provided to pre-trained models and
subsequently passed through dense layers of 512 nodes for VGGnet and Resnet-50 and two 512 nodes
layers in case of DenseNet201, Dropout of 0.5 was applied to avoid overfitting of data. Tab. 1 illustrates
parameters for considered models with architecture mentioned in Section 2.5.
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) & ]

Figure 10: Scalogram on the left side is for steady-state condition and scalogram on the right side is for hand
movement conditions

Table 1: Trainable and non-trainable parameters for all the models applied on CWT scalogram images

Model name Total parameters ~ Trainable parameters ~ Non-trainable parameters ~ Epochs
DenseNET-201 20,551,745 2,229,761 18,321,984 200
VGGnet-16 15,240,001 525,313 14,714,688 100
ResNet-50 26,997,121 3,409,409 23,587,712 100

4 Result Analysis

This study’s overall objective is to develop a robust and accurate workflow to predict hand motion and
rest state. Our study presented the processing of EEG signals using the moving average method, two feature
extraction techniques, i.e., FFT feature extraction and CWT feature extraction. Different machine learning
models like the random forest, logistic regression, KNN, Light GBM and XG Boost for FFT features and
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CWT coefficients and VGG-16, DenseNet201 and ResNet-50 for CWT scalogram images. Tab. 2 shows
metrics obtained for these ML models o FFT features.

Table 2: Evaluation of machine learning models on FFT features

Model Class Precision  Recall  Fl-score  Support  Accuracy
Logistic regression  Steady state 80% 77% 83% 6 83%
Hand motion 85% 92% 88% 12
Macro average 82% 79% 80% 18
Weighted average  83% 83% 83% 18
Random forest Steady state 50% 67% 57% 6 67%
Hand motion 80% 67% 73% 12
Macro average 65% 67% 65% 18
Weighted average  70% 67% 68% 18
KNN Steady State 71% 73% 83% 84 78%
Hand motion 74% 70% 71% 78
Macro average 85% 78% 7% 162
Weighted average  85% 78% 77% 162
Light GBM Steady state 70% 76% 73% 9 70%
Hand motion 70% 64% 67% 9
Macro average 70% 70% 70% 18
Weighted average  70% 70% 70% 18
XG Boost Steady state 88% 89% 88% 84 88%
Hand motion 89% 87% 88% 78
Macro average 88% 88% 88% 162
Weighted average  88% 88% 88% 162

Tab. 3 shows the accuracy obtained for different machine learning models on CWT.

Table 3: Evaluation of machine learning models on CWT features

Model Class Precision  Recall  Fl-score  Support  Accuracy
Logistic regression  Steady state 60% 73% 66% 84 61.05%
Hand motion 62% 49% 55% 78
Macro average 61% 61% 60% 162
Weighted average  61% 61% 61% 162
Random forest Steady state 56% 83% 67% 6 72%
Hand motion 89% 67% 76% 12
Macro average 72% 75% 71% 18
Weighted average  78% 72% 73% 18

(Continued)
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Table 3 (continued)

Model Class Precision  Recall  Fl-score  Support  Accuracy
KNN Steady state 67% 100% 80% 84 74.85%
Hand motion 100% 46% 63% 78
Macro average 83% 73% 72% 162
Weighted average  83% 74% 72% 162
Light GBM Steady state 60% 67% 63% 9 61.12%
Hand motion 62% 56% 59% 9
Macro average 61% 61% 61% 18
Weighted average  61% 61% 61% 18
XG boost Steady state 65% 100% 79% 81 73.34%
Hand motion 100% 45% 63% 81
Macro average 82% 73% 71% 162
Weighted average  82% 73% 71% 162

Tab. 4 shows accuracy obtained for different deep learning models, i.e., VGG-16, DenseNet201 and
ResNet50 for CWT scalogram images.

Table 4: Evaluation of machine learning models on CWT features

Model Class Precision Recall F1-score Support Accuracy
VGG-16 Steady state 76% 77% 76% 338 76%
Hand motion 77% 76% 76% 346
Macro average 76% 76% 76% 684
Weighted average 76% 76% 76% 684
DenseNet201 Steady state 85% 75% 82% 338 84%
Hand motion 80% 88% 86% 346
Macro average 84% 84% 84% 684
Weighted average 84% 84% 84% 684
ResNet-50 Steady state 84% 84% 84% 338 85%
Hand motion 85% 85% 85% 346
Macro average 85% 85% 85% 684
Weighted average 85% 85% 85% 684

5 Conclusion and Future Scope

In this study, different feature extraction methods and ML models have been used to predict the
probability of fist motion on EEG records. Various feature extraction methods are applied, like FFT and
CWT, on the dataset. On these features, different machine learning models were trained and compared.
XG Boost and logistic regression models performed well in FFT features and achieved 88% and 83%
accuracy, while XG Boost and KNN performed equally for CWT features with 74.85% and 73.34%. For
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CWT scalogram images, ResNetS0 performance is better than the VGG-16 as it gave an accuracy of 85%.
This study shows that XG Boost trained on FFT Feature Extraction with Moving Average Filter as the signal
processing technique gave the highest accuracy for the dataset of about 88%. To create BCI for ALS patients,
we need a large EEG dataset. This dataset can also be created on our own using EEG headsets. It can be
further extended towards brain-controlled wheelchairs for patients who have ALS or other BCI
applications. Once brain commands have been detected, it will direct it towards the IoT devices such as
prosthetic hands and this is how the patient will be able to use BCL
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