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Abstract: Electromyographic (EMG) signal classification paves the road for many human-machine interface applications where
EMG sensors capture muscle activity for further processing and application. In this work, the performance of several machine
learning algorithms is tested, including Decision Trees, Random Forests (RF), K-Nearest Neighbors (KNN), Extreme Gradient
Boosting (XGBoost), Long Short-Term Memory (LSTM), and Convolutional Neural Network-Long Short Term Memory (CNN-
LSTM). These models are evaluated and compared using EMG data collected from approximately 30 subjects performing six
distinct gestures. In addition, a hybrid CNN-LSTM model is proposed to achieve an accurate yet low-cost EMG classification.
Moreover, the performance of these algorithms is compared on both Central Processing Unit (CPU) and Graphics Processing
Unit (GPU) platforms in terms of accuracy, training/testing time, and hardware utilization. Results show that the RF algorithm
gives the best performance with an accuracy of 98.16%. On the other hand, the decision tree algorithm gives a trade-off between
the accuracy and computational efficiency, with 95.46% accuracy, and approximately 17.6 times faster compared to RF, making
it more suitable for real-time applications and limited resources environments. On the other hand, deep learning models acquired
noticeably higher computational time compared to classical algorithms. This research demonstrates the importance of selecting
a suitable classification algorithm and hardware platform to achieve an efficient EMG classification.
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1. Introduction Intramuscular Electromyographic GEMG) [15]. SEMG
is a non-invasive technique that uses electrodes applied
directly to the skin to measure muscle activity, this
makes it widely used for rehabilitation and gesture
recognition systems. SEMG signals have been broadly
used in many man-machine interfaces [15]. On the other
hand, iEMG need to be inserted into the muscle tissues
directly which make it able to record deep muscles
activities. Although iEMG sensors generate accurate
and pure signal, they are invasive and not suitable for
long term usage. On the contrary, sSEMG sensors are
non-invasive and more suitable for long-term usage, as
it allows for the detection of muscle activity without
penetrating the skin. However, the disadvantage of
using SEMG sensors is the reduced accuracy due to skin
impedance and cross-talk from the adjacent muscles’
signals [26].

The development of a robotic limb that could be
controlled via muscle contractions in late of 1950s
indicated the starting point of myoelectric control
systems [6]. Soon enough Eddy ef al. [3] noticed that
EMG signals might be used to operate prosthetic
devices after they are collected from an amputee’s
residual limb. However, traditional EMG classification
methods, such as threshold-based or rule-based

Universally, the number of amputations has increased
significantly, with cases rising from 370.25 million in
1990 to 552.45 million in 2019, reflecting a growth of
67% [32]. This increment has driven a growing demand
for advanced prosthetic devices able of restoring lost
functionality, resulting in utilizing Electromyographic
(EMG) signals in prosthetic control and rehabilitation.
Bioelectrical signals, particularly EMG signals which
result from muscle activity is controlled by neural
impulses. EMG sensors detect these signals and capture
essential information relating to muscle states and
movements. This enabled EMG signals to have broad
applications, ranging from medical diagnostics and
rehabilitation to assistive technologies such as gesture
recognition [16].

Accurate classification of EMG signals plays a
crucial role in enhancing the aforementioned
applications as the ability to distinguish between
different muscle activities contributes to the
development of advanced Human-Computer Interaction
(HCI) systems. EMG sensors can be broadly divided
into two types: the first one is the Surface
Electromyographic (sSEMG) and the second is the needle
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techniques, often struggle with accuracy due to the
complexity of EMG signals as these signals are noisy,
influenced by factors such as electrode placement and
muscle strength. Also, traditional classification
techniques are sensitive to noise and hardly capture
complex patterns. To address these limitations, Artificial
Intelligence (Al)-based classification methods have
emerged as a robust alternative. Deep learning and
machine learning algorithms, particularly
Convolutional Neural Network (CNN) and decision tree
have demonstrated a good performance in recognizing
EMG signal patterns [25].

In this context, researchers have explored many deep
and machine learning algorithms to improve the
accuracy and robustness of EMG signal classification.
For example, Ozdemir et al. [23] recorded EMG signals
from 30 participants while performing 7 different hand
gestures namely: extension, flexion, open hand, punch,
radial deviation, rest, and ulnar deviation. The data were
collected from 4-channels and converted into
spectrogram images using Short-Time Fourier
Transform (STFT) which are passed to A 50-layer CNN
based on Residual Networks (ResNet) architecture. The
method achieved a test accuracy of 99.59% and the
authors reported that deep learning outperformed
conventional techniques in terms of prediction speed
and accuracy. Wahid et al. [29] compare the
effectiveness of five machine learning algorithms
namely: Naive Bayes, K-Nearest Neighbor (KNN),
Support Vector Machine (SVM), Discriminant Analysis,
and Random Forest (RF) for EMG classification. It was
found that the RF algorithm gave the highest
classification accuracy (96.38%) when using EMG
features normalized to RMS value.

Waris et al. [30] examined the Ilongitudinal
performance of several techniques for classifying hand
movements based on EMG. Over the period of seven
days, ten normal people and twelve amputees
participated in the study. The classification methods
included KNN, SVM, Artificial Neural Network
(ANN), Linear Discriminant Analysis (LDA), and
decision trees. an intelligent framework has been
developed by Khan et al. [11] to classify four EMG hand
gestures; the EMG data is collected using the Myo
armband then classified using SVM. The cubic-support
vector machine was trained on four diverse hand
gestures. The supervised support vector machine model
reached a cumulative classification accuracy of 98.9%.
A hybrid architecture consisting of CNN and
Bidirectional Long Short-Term Memory (Bi-LSTM) is
used by Karnam et al. [10] for the classification of hand
activities. The obtained results showed that using two
layers LSTM and CNN gives better results compared to
Recurrent Neural Network (RRN) for EMG
classification. Jabbari et al. [9] employed an LSTM-
based Neural Network (NN) to recognize EMG patterns.
The proposed model consists of multilayer LSTM with
a concatenated SoftMax layer. The LSTM layer learns

the long-term dependency and the classification is
performed by the SoftMax layer.

Researchers have examined the implementation of
machine and deep learning algorithms for EMG
classification of different hardware. For example,
Senagi and Jouandeau [28] compared the parallel and
sequential implementation of RF algorithm on Central
Processing Unit (CPU) and Graphics Processing Unit
(GPU). The results showed an improved average
speedup of 1.62 is achieved using parallelized version
of RF on GPUs and an average speed up of 3.57
compared to the CPU implementation using dynamic
parallelism RF on GPU. Wen et al. [31], demonstrated
that GPU implementations of RF and gradient boosted
decision trees achieve significant speedups compared to
their CPU implementation, mainly for large datasets.
The Extreme Gradient Boosting (XGBoost) showed
substantially reduced training time on the GPU
compared to the CPU, underscoring the efficiency of
parallel processing for these algorithms. Despite these
advances, only a few studies have systematically
compared a broad range of EMG classification
algorithms under similar  conditions-especially
considering both accuracy and computational efficiency
(e.g., real-time constraints or hardware differences) [1].
Similarly, few works take into account the deployment
of such Al algorithms on different hardware platforms
for EMG signal classification [18], highlighting a gap in
the literature.

A critical factor in selecting the most appropriate
algorithm for EMG data classification is the cost, which
is related to both computational time and hardware
requirements. In this work, various machine learning
and deep learning algorithms were evaluated for
classifying EMG data corresponding to seven gestures.
To determine the most suitable approach, these
algorithms were implemented using both CPU and
GPU, and a combination of them. This work
investigates performance evaluation based on key
performance of several machine learning and deep
learning methods metrics such as number of parameters
and training parameters, as well as training and testing
time, to identify the most efficient classification
method.

The following research questions are addressed in the
study:

e Which machine learning and deep learning
algorithms gives the highest classification accuracy
for the given sEMG dataset?

e What is the comparative performance, in terms of
training and testing durations, of these algorithms
when executed on CPU versus GPU architectures?

e Which classification strategy yeild the best trade-off
between classification accuracy and computational
cost.

The paper is organized as follows. The next section
presents employed machine learning models used for
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EMG classification in addition to the proposed models.
Section 3 discusses the results and compares the
accuracy and computational efficiency of wvarious
models across CPU and GPU. Finaly section 4
concludes this work.

2. Methodology
2.1. Machine Learning Models

Machine learning strategies are widely used for
classifying EMG signals. In literature, several machine
learning techniques has been used to classify the EMG
signal. The next subsection gives brief overview of the
employed methods.

2.1.1. Decision Trees

One popular technique for classifying data is Decision
Tree Classifier (DTC). It is one of the famous
supervised data mining tools. The most important aspect
of DTC is its capability to simplify complex decision-
making issues into steps that lead to a more
understandable and explainable result [18].

The DTC creates categorization models in the shape
of trees, and generated tree can be used as a decision-
making tool. There are two steps to DT generation [19]:
the first step involves tree generation where every data
tuple is at the root node. After applying a splitting
criterion, the optimal splitting attribute for the following
level is chosen, Figure 1 shows a boolean function
example and decision tree representing it. For the node,
the number of branches is determined by the value of
the best-splitting property. When a full tree is produced,
the accuracy of the training data cannot be increased by
adding more leaf nodes. Tree pruning is performed in
the second step. This is performed by eliminating the
sub-tree that reflects noise and outliers, to reduce the
size of the tree [19].

Classification trees and regression trees are decision
trees that forecast numerical or nominal variables,
respectively. In the context of machine learning, one
crucial characteristic of decision trees is that the
prediction is the outcome of a straightforward and
understandable calculation [20].

Xt[x[x[x]y

True | True | True | True | True

True | True | True | True |False

False | True | False | True | False!

True | True | True | True |False

False | True | False | True | False!

False | True | True | False | False!

True False

False | True | False | False | False!

Figure 1. The boolean function Y=X1AX2VvX3, and decision tree
representing it.

2.1.2. Random Forest (RF)

One machine-learning technique that may be applied to

both regression and classification problems is the RF
model. The decision tree structure and the RF regression
model’s operational logic are similar. Many decision
trees are produced by dividing the data set randomly by
continually repeating the learning process and
combining the predictions of the several learnt trees to
create a meta-model, as illustrated in Figure 2;
Ensemble techniques reduce the impact of random
artifacts in the training set or learning procedure [21].

Dataset

Tree 1 Tree 2 Tree i
Result A Result B Result A

I I |
!

| Majority voting / Averaging |
}

Final result

Figure 2. RF classifier uses majority voting of the predictions made
by randomly created decision trees to make the final prediction [7].

2.1.3. K-Nearest Neighbor Classifiers (KNN)

One non-parametric supervised learning approach is
KNN. An individual or new data point’s categorization
is based on the distance of the point to a certain number
of neighbors, as shown in Figure 3. Euclidean distance
and negative cosine similarity are two common distance
functions utilized in KNN to compute the distance [12].

New data point |

Category 2

Category 1

Figure 3. Visualization of KNN classes.

2.1.4. Explainable Extreme Gradient Boosting
(XGBOOST)

This machine learning algorithm combines gradient
boosting and regularization techniques. It is based on
the decision tree method and implemented to enhance
the performance of different data mining tasks. Figure 4
depicts the block diagram of XGBOOST. The algorithm
aims to determine the connection between an output (Y)
and an input (X={x1, x2, ---, xn}) about certain samples.
The main concept is to integrate several weak learners
to create a strong learner. The Classification and
Regression Trees (CART) create a tree model for each
weak learner. The XGBoost algorithm continuously
splits feature to train a new function that suits the
residual of the prior prediction [33].



318 The International Arab Journal of Information Technology, Vol. 23, No. 2, March 2026

;O; Tree 1 Tree 2 Tree M
s ( z ?2 coo _ g ?)
10 ]
‘j e lf:(x.) I/m.v,)

‘ Output ¥ ‘

l

Figure 4. The schematic diagram of the XGBoost algorithm [20].

2.2. Deep Learning Models

Deep learning model are also widely used in the
classification of the EMG signals; in this work two deep
learning models are employed: LSTM model and CNN-
LSTM model.

2.2.1. Long Short-Term Memory (LSTM)

A Feed Forward Neural Network (FFNN) with loops in
the hidden layers is extended into a Recurrent Neural
Network (RNN). This enables the model to identify
temporal relationships between data by using a
sequence of samples as input. Nevertheless, it has been
shown that individual nodes struggle to establish long-
term relationships. The LSTM network solves the
problem by giving the hidden node loops extra
parameters in order to get states depending on the input
data[17]. Figure 5 shows the structure of a single LSTM
unit [22].

ot 1 ~ /-l-\ c

*)
aUJ

s GP .
i 1""v'r « Jri

Forget | (Update| | tanh | [Output
gate gate gate
Xt i t t }
LSTM Cell
X (1)

Figure 5. LSTM cell.

2.2.2. CNN-LSTM

CNNs are used extensively in artificial intelligence
applications such as computer vision, image processing,
and natural language processing, among many others.
The main building blocks of the CNN are the pooling
and convolutional layers. Each channel in a
convolutional layer has a set of parameters called a
convolution kernel that links to a small portion of the
prior layer's fixed-size input data. CNNs constantly
contain some convolutional layers and pooling layers;
subsequently, fully connected layers are added [8].

2.3. Proposed Method

CNNs combined with recurrent networks, such as
LSTMs, have shown improved performance by
capturing both spatial features (across EMG channels)
and temporal dynamics in the signal [19]. A hybrid
CNN-LSTM model can support this interaction: CNN
layers act as feature extractors from raw EMG signals,
while LSTM layers model the time dependencies, which
is effective for data that involves time dependency and
spatial relationships. So, to better capture complex
EMG patterns, we propose a hybrid deep learning model
that combines both LSTM and a CNN for accurate EMG
signal classification.

The proposed model has two parts: CNN and LSTM.
In the first part, CNN is used for extracting spatial
feature of raw EMG signals by identifying local patterns
and time-based dependencies within short segments. In
the second part, LSTM accomplishes the modeling of
long-term temporal dependencies in the EMG. The
proposed CNN-LSTM model is carefully designed to
achieve a compromise between computational cost,
generalization, and accuracy. This use of the hybrid
architecture improves classification performance on
multi-class EMG gesture datasets by utilizing the
advantages of both CNNs and LSTMs.

Table 1. The hybrid CNN-LSTM model architecture.

Layer Details
Input layer EMG data input
64 filters, ReLU activation, kernel size=3,
padding=1
Kernel size=2
128 filters, ReLU activation, kernel size=3,

1st convolutional layer

MaxPooling layer

2nd convolutional layer

padding=1
MaxPooling layer Kernel
LSTM layer LSTM with 128 hidden nodes
Dropout layer Dropout rate=0.4
Fully connected layer 1 128 neurons, ReL U activation
Dropout layer Dropout rate=0.4
Output layer Fully connected, number of classes (7)
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Figure 6. CNN LSTM model architecture.

The architecture of the proposed hybrid CNN-LSTM
model is illustrated in Figure 6. The proposed model
begins with two convolutional layers responsible for
high-level features extraction from the input data. These
two layers help in learning local temporal patterns from
the EMG signal segments. Each convolutional layer is
followed by Max-pooling layers to reduce
dimensionality and retain dominant features. The output
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from the CNN section is reshaped and passed to an
LSTM layer consisting of 128 hidden units, which
captures sequential dependencies and long-term
patterns in the data. The dropout layer helps prevent
overfitting and improve generalization, which makes
the model more robust when applied to new data.
Finally, a dense (fully connected) layer with ReLU
activation is applied, followed by a dropout layer to
prevent overfitting. The final layer is a SoftMax output
layer that classifies the signal into one of the seven
predefined gesture classes. The layers of the proposed
hybrid model are shown in Table 1. The pseudo code of
the CNN-LSTM model training is shown on Algorithm
(1). Figure 7 shows the training process of the CNN-
LSTM model for EMG classification.

Algorithm 1: CNN-LSTM model training for EMG signal
classification.

Input: Raw EMG dataset with 8-channel signals and class labels
Output: Trained CNN-LSTM model for gesture classification

Load EMG data from file
Normalize features using StandardScaler
Split data into train/val/test sets (70%,15%,15%)
Reshape data into [samples, 8, 1] format
Wrap data in PyTorch Dataset and DataLoader
Define CNN-LSTM model with:
-ConviD—ReLU—MaxPool
-ConvlD—ReLU—MaxPool
-LSTM (hidden_size=128, num_layers=3)
-Fully connected— Dropout—Softmax
7. Initialize model, optimizer (Adam), and loss function
8. For each epoch from I to N:
a. Train model on batches:
-Forward pass
-Compute loss
-Backpropagate
-Update weights
b. Evaluate on validation set:
-Compute accuracy and F'1-score
¢. Save model if validation accuracy improves
9. Load best model
10. Evaluate on test set: report Accuracy, F1, Precision, Recall

SN

s ™\

Load and preprocess EMG dataset

. J

¥

e N
Split dataset into training,
validation, and test sets

v

Initialize CNN-LSTM model

v

For each epoch
Train model on training set
7

Better
performance
on validation
set?

[ Save model ]
X

[ Evaluate model on test set ]

Figure 7. Training process of the CNN-LSTM model for EMG
classification.

2.4. Performance Metrics

Performance metrics are crucial to assess the model’s
performance after it has been trained. A model’s
performance may be measured using different metrics,
the majority of which are based on the confusion matrix,
which includes variables such as True Positives (TP),
True Negatives (TN), False Positives (FP), and False
Negatives (FN) [22].

2.4.1. Confusion Matrix

A confusion matrix is a tabular representation that
compares the real and predicted class labels. The
common representation is to display occurrences of a
real class in each row and a predicted class in each
column. Statistics on actual and anticipated data
classifications are included in confusion matrix. These
metrics are produced by the classifier algorithms. The
matrix’s data is used to evaluate the systems’
performance [14].

2.4.2. Accuracy

The accuracy of the classification gives good idea about
the model performance which is based on TP, TN, FP
and FN and is shown in Equation (1).

p ~ TP +TN .
Cowracy = Tp Y TN+ FP + FN (1)

where the FP is false positive, TP is true positive, FN is
false negative and TN is true negative [21].

2.4.3. F-Measure (F1-Score)

F-score is the measure of the predictive performance. It
represents the balanced performance of the precision
and recall. Fl-score is given by:

2 % Precision * Recall
F1= (2)

Precision + Recall

3. Experiments and Results

The machine learning and deep learning models are
executed on a personal computer with Intel Core (TM)
17-9850H CPU, 2.60GHz with 32.0 GB RAM. In order
to accelerate the performance NVIDIA Tesla T4 GPU,
provided via Kaggle is used. Algorithms that need GPU
were implemented in a Kaggle cloud-based
environment to reduce the training time. The Scikit-
learn and PyTorch Python libraries are also used to build
the models and generate performance metrics.

3.1. Dataset

The dataset is obtained from UC Irvine machine
learning repository. This dataset is collected by N.
Krilova et al. [13] and licensed under a Creative
Commons Attribution 4.0 International (CC BY 4.0)
license. To collect EMG signals, the users were asked to
wear the MYO Thalmic bracelet, shown in Figure 8, on
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their forearm, while a personal computer is used for
signal processing and connected to the bracelet via
Bluetooth. The bracelet contains eight sensors which are
equally spread around the forearm.

Figure 8. Thalmic MYO armband.

Thirty-six subjects’ raw EMG data were obtained
while performing a sequence of static hand gestures.
Each subject makes two sequences, each of which
involves seven basic gestures. There was a gap of three
seconds between each gesture, and each gesture was
executed for a duration of three seconds.

At arate of 200 samples per second, these signals are
sampled with eight-bit precision. The bracelet
represents the amplified value acquired from each of the
EMG sensors by encoding the potential produced by
muscular action to integer numbers with a range of 0 to
1023 [5]. The data set contains a total of 40,000 to
50,000 recordings in each column, with 30,000 of those
recordings being guaranteed. The EMG data was
recorded while the subjects perform six basic tasks as
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shown in Figure 9, the first class represents unmarked
data unmarked data, class 1 for the hand at rest, class 2
for a clenched fist, class 3 for wrist flexion, class 4 for
wrist extension, class 5 for radial deviation, class 6 for
ulnar deviation, and finally class 7 for an extended palm
(which was not performed by all subjects). This dataset
allows extensive examinations of a wide range of hand
and wrist actions, making it an excellent resource for
gesture classification.

Flexion Extension
W Hand Clenched a First
o
\(
i
Radial Deviation Ulnar Deviation Hand at Rest

Figure 9. The six basic tasks.

3.2. Results

Four machine learning models are implemented,
namely: the decision tree, the RF, the K-NN, the
XGBoost model, and two deep learning models are also
built in addition to the proposed model based on, the
LSTM and the CNN-LSTM model. A comparison
Between among these models is given in Table 2.

Table 2. Performance metrics and complexity of machine learning and deep learning models.

Model Accuracy % | Training time (CPU) seconds | Training time (GPU) seconds | Testing time seconds | F1-score | Trainable params
Decision tree 95.46 46.64 0.76 1.31 0.9285 2.42x10°
1296.10 5
RF 98.16 515.23 (parallel) 353.42 23.09 0.9751 354.01x10
kNN 97.84 11.93 9.18 365.46 0.9536 33.90x10°
XGBOOST 97.6 405.65 150.72 152.85 0.87 0.32x10°
LSTM 83.80 - 19853.81 16.8059 0.6925 3.52x10°
CNN-LSTM 92.01 25183.8278 20.28 0.8824 4.39x10°
As shown in Table 2, the highest classification cross-validation to  statistically compare the

accuracy was obtained using the RF classifier.
Additionally, Table 2 indicates that the decision tree
algorithm achieved the shortest training and testing
time. This efficiency can be attributed to the algorithm’s
structure, where data follows in a single path from the
root node to a terminal leaf, minimizing computational
complexity. Despite the high number of training
parameters, only a single path of the tree is chosen,
which reduces the computation overhead.

The RF algorithm contains multiple decision trees,
and combining their outputs determines the final
classification. Although this approach requires higher
computational resources due to the increased number of
parameters, it achieved the best performance. The
parallel implementation of this algorithm enhances
efficiency. When executed on a GPU, the training time
is significantly reduced, making the algorithm well-
suited for GPU-based computation. A paired t-test was
performed on the accuracy scores obtained from 5-fold

performance of the decision tree and RF classifiers. The
test yielded a t-statistic of 67.00 and a p-value less than
0.0001, confirming that the superior performance of the
RF model.

Similarly, the XGBoost algorithm utilizes gradient
boosting to optimize training by reducing the number of
parameters, thereby decreasing both training and testing
times.

The low training time of the KNN algorithm is
attributed to its non-parametric nature, as it stores the
dataset without performing a learning process during the
training phase. However, this results in a higher testing
time since classification requires computing distances
between the query point and all stored data points.
Despite this limitation, KNN has the advantage of being
simple and easy to implement. Figures 10 and 11 show
the confusion matrix of the DT and RF, respectively. The
learning curve of the DT model is shown in Figure 10.
On the other hand, the two deep learning models
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employed in this study, LSTM and CNN-LSTM,
demonstrate notably extended training durations when
compared with conventional machine learning models.
This is due to the fact that CNN architectures
incorporate a greater number of parameters with a
higher number of computational steps for each
parameter Figure 11.
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Figure 10. The confusion matrix for the decision tree model.
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Figure 11. The confusion matrix for the RF model.

Figure 12 presents the learning curve of the RF
classifier, when plotting training accuracy, testing
accuracy, and the train-test gap as a function of the
training set size. Both training and testing accuracies are
consistently high (close to 1.0), indicating that the
model generalizes well to unseen data.

The findings indicate that selecting the best model
depends on the application of EMG. In the context of
real-time systems, decision trees are favored because of
their minimal computational cost and rapid testing time.
In scenarios where accuracy is important, ensemble
methods and deep learning techniques are more

appropriate, although they require longer training and
testing durations.

In terms of hardware setup, the use of the GPU
reduces the computation time due to the parallel
processing. This is true for complex models such as
CNN and NN. On the other hand, for lightweight
models, such as DTs, KNN, and RF, CPU can be utilized
to save power and cost. Figure 13 shows a comparison
among different models’ training and testing time.
Figure 13 shows the training and testing time using CPU
and GPU for different classifiers. Figure 14
demonstrates the RF training and testing accuracies,
when plotting training accuracy, testing accuracy, and
the train-test gap as a function of the training set size.
Both training and testing accuracies are consistently
high (close to 1.0), indicating that the model generalizes
well to unseen data.
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Figure 12. Decision tree learning curve.
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Figure 13. Training and testing time using CPU and GPU.
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Figure 14. RF training and testing accuracy.
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4. Conclusions

This study explored the use of various machine and deep
learning algorithms to classify EMG signals. The study
compares the algorithms with respect to their accuracy,
computational cost, training, and testing times on two
platforms, CPU and GPU. The results show the
necessity to trade-off between EMG classification
accuracy and resource cost and give guidelines to
choose the best classification algorithm and platform
depending on the application needed.

The RF algorithm gave the best classification
accuracy of 98.16% but consumed the maximum
number of training nodes, while the decision tree
algorithm is simpler and needed less training time,
testing time, and training nodes, and gave good accuracy
of 95.46%. Deep learning models such as LSTM and
CNN-LSTM need iterative optimization processes and
sequential computations and require much more time
compared to decision tree-based algorithms, so they
perform well on the GPU platform, where the training
time is reduced significantly.

Results show that the choice of the best algorithm
depends on the application of EMG classification. For
real-time applications, the decision trees are more
suitable. On the other hand, the RF and deep learning
models are more suitable in offline applications that
require high accuracy. This research contributes to the
understanding of choosing the best hardware for
machine learning in the field of biomedical and EMG
classification.

5. Limitations and Future Work

The study is applied on a single available dataset with
fixed acquisition protocol and fixed acquisition device.
The performance of the classification system may vary
with real-world data from different acquisition devices
and different noise levels. The machine and deep
learning models were trained and validated on non-
streaming data, which may not reflect the true
performance in dynamic or wearable settings.

For future work, it is recommended to deploy the
models on embedded platforms such as Jetson Nano,
Raspberry Pi, and FPGAs for real-time testing. The
dataset could be expanded with data collected from
diverse subjects and devices. Power consumption and
latency to validate real-time feasibility of different
models could be examined.
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