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ABSTRACT
Due to the increasing number of amputees and the need to use
prosthetics that simulate human limbs, an improved technique is
proposed to classify hand gestures using Deep Recurrent Neural
Networks (DRNN) based on the surface Electromyographic (sEMG)
signal on the forearm. The implemented models are built on Feed-
Forward Neural Networks (FFNN), Deep Recurrent Neural Net-
works (DRNN), and Long Short-Term Memory Networks (LSTM)
using two types of datasets. They were recorded for four and seven
motions, respectively. Both were written by MYO armband, and
the conception of the technique is divided into two main phases
applied to the two types of datasets. Two DRNN models are imple-
mented, the First is a multi-classifications DRNN with all dataset
files imported simultaneously. Each data file is then imported sep-
arately as input to the second binary classification DRNN model.
Classification results for the multi-DRNN classifier and binary one
is compared according to both datasets separately. Results show
that the average accuracy for multi-classifications was (95%, and
86%) for both datasets while binary classification was 99% accurate
for each model. Additionally, precision, recall, and f1-score were
determined for both datasets, yielding better results.
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1 INTRODUCTION
Amputees are people who have lost their upper limbs due to acci-
dents, trauma, or diseases that affect the limbs. Such a person cannot
perform functions that require the use of the arm [1]. The desire
of amputees to preserve their lost arm with an artificial device is a
major driving force in research into the improvement of prosthetic
technology. Myoelectric prostheses. It is a human-machine inter-
face controlled using (sEMG) signals collected from the remaining
muscle tissues on the residual limb of an amputee [2, 3]. It is used
to communicate and control Human-Machine Interactions (HMI)
by recognizing specific patterns of activity and translating those
patterns into meaningful control commands [4].

sEMG is the study of electrical muscle signals recorded on the
skin surface. sEMG is used for clinical diagnosis, muscle fatigue
analysis, rehabilitation, and prosthesis control. sEMG is a more
popular method of HMI measurements as it can be performed
directly and is non-invasive. performed by a trained person, not
necessarily a physician, with minimal risk [5].

Improvement of the pattern recognition system is necessary to
control myoelectric prostheses with high accuracy. Many attempts
have been made in this regard using various methods of hand
gesture classification based on Artificial Intelligence (AI) [6].

AI is the technique of representing human intellectual skills in
machines, including Machine Learning (ML) and Deep Learning
(DL) [7]. ML and DL algorithms applied to EMG signals are an
expanding and rapidly growing research field, allowing researchers
to learn HMI to be experts and later help decision-making processes
[8]. The most commonly used models include Support Vector Ma-
chines (SVM), Random Forest, K-Nearest Neighbors (KNN), Artifi-
cial Neural Networks (ANN), Convolution Neural Networks (CNN),
and Recurrent Neural Networks (RNN) [9, 10].

Many deep neural network algorithms for gesture recognition
have been presented by researchers during the past few years.
Nguyen et al. [11] presented an implementation of a RNN deployed
on NVIDIA Jetson Nano. This makes it possible to implement neuro
prostheses as wearable, self-contained units that can control finger
movements individually in real-time. Preliminary results show ac-
curacy (95% to 99%). Aly et al. [12] suggested Three deep learning
models for hybrid signal classification systems, including the CNN
model, the LSTM model, and the combined CNN-LSTM model. To
evaluate the experiment, a data set of multiple-channel electroen-
cephalography (EEG) signals was merged with multiple-channel
sEMG signals that decode hand and wrist motions. Preliminary
test results show accuracy (91% to 93.5%). Dolopikos et al. [13]
Random Forest, SVM, a Multi-layer Perceptron, and Deep Neural
Network (DNN) are some of the classifiers implemented in this
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Figure 1: Proposed hand gestures classification technique block diagram.

study. An ensemble voting mechanism is used to integrate the three
classical classifiers into a single model, scoring 91.93%, compared
to the DNN’s performance of 88.68%. Jafarzadeh et al. [14] pro-
vide a DL method for manipulating prosthetic hands using their
raw EMG signals. By using a novel deep CNN, feature engineering
steps can be avoided. A step towards an end-to-end optimization
paradigm is feature extraction and feature description elimination.
The accuracy achieved is 91.26%. A. Gautam et al. [15] described
the Low-Complex Movement Recognition-Net (LoCoMo-Net) DL
framework in order to recognize wrist and finger flexion. Force
patterns from single-channel (sEMG) recordings of grasping and
functioning motions. The average classification accuracies achieved
by LoCoMo-Net model for all movements in 11 healthy subjects,
3 amputees, were 93.4%, 88.8%, and 94.7%, respectively. In Abu et
al. [16] presented EMG signal classification of multiple hand ges-
tures based on ANN. Each movement’s EMG pattern was extracted
through signal feature extraction and used to train a classifier. ANN
achieved 80% accuracy in training and testing for 10 hidden lay-
ers. Oh et al. [17] For classification hand gestures, apply a simple
CNN model with raw EMG, Short-Time Fourier Transform (STFT),
Wavelet Transform (WT), and Scale-Averaged Wavelet Transform
(SAWT), and compare the performance of Using CNN with SAWT
can improve the accuracy of selected hand gestures by up to 94.6%,
which is more accurate and less computationally efficient than tra-
ditional multi-channel STFT or WT. (Nahid et al. [18] introduces
classifying hand movement from two known sEMG datasets. Ap-
plying Transfer Learning (TL) and CNN-LSTM. A combination of
CNN and LSTM has achieved accuracy for these data. 99.72% for
the first data type and 99.83% for the second, respectively.

This study’s main contribution is the development of a new EMG-
based control system for arm prostheses. The proposed method is
based on FFNN, DRNN, and LSTM and uses two types of datasets,
without performing any feature extraction, or spectrogram analysis.

Figure 1 represents the proposed method workflow as; initially
sEMG signal was recorded by using MYO armband for different
hand gestures, then we applied reshaping for data as a simple signal
processing, then we used our proposed technique for hand gestures
classification. Finally, the system is ready for controlling the limb.

The rest of the article is organized as follows: Initially, section
2 presents the proposed classification approach and datasets used.
Then section 3 presents the results of the proposed method. The
final section is a conclusion to the work.

2 MATERIALS AND METHODS
2.1 Data acquisition
In this study, we investigate the possibility of detecting two different
types of arm movements using DRNN. This paper uses two open
access datasets. Both were recorded with MYO arm band which

has eight sensors placed on the surface of the skin. Each dataset
row contains 8 consecutive readings from all 8 sensors. That is, 64
columns of EMG data. The last column is the result of the gestures
made during data recording. Initial data has four gestures recorded
(ok, paper, scissors, and rocks). The second was recorded with seven
gestures (resting hand, clenched hand, wrist flexion, wrist extension,
radial deviation, ulnar deviation, and palm extension).

The first data was recorded at 200 Hz. So, each line is 8*(1/200)
seconds = 40 milliseconds of recording time. A classifier with 64
digits predicts gesture classes (0 to 3). Each record for a certain
gesture class is combined into a CSV file with an appropriate name
(0-3). Here is the gesture class: Rock-0, Scissors-1, Paper-2, OK-3.
[19].

For the second data, raw EMG data are provided from 36 subjects
while they performed a series of static hand movements. Each
gesture was performed for 3 seconds with a 3-second pause between
gestures. Gesture classes were Resting hand-0, Clenched hand-
1, Wrist flexion-2, Wrist extension-3, Radial deviation-4, Lunar
deviation-5, Palm extension-6. Each record for a certain gesture
class is combined into a CSV file with an appropriate name (0-6)
[20].

2.2 Methods
2.2.1 Phase 1. All datasets files are imported to the multi-
classificationDRNNmodel, and the accuracy is checked for two data
types as shown in Figure 2. Figure 2 explains that all datasets file
imported to the DRNN model as input for predicting multi-classes.

2.2.2 Phase 2. Each data file is imported as input to the binary
classification DRNN module for predicting one class, and the ac-
curacy is checked for two data types. Figure 3 shows that the rock
gesture file was imported to Binary Classification Module (BCM)
for predicting if the gesture is rock or not. And repeated for rest
gestures. Then all BCM are fused together to ensure that the correct
class is recognized as shown in Figure 4.

2.2.3 Deep learning. In order to transform data in meaningful
ways and learn useful representations of input data, deep learning
for neural networks assembles networks with multiple processing
layers [21]. Sequential layers of representation are the core concept
behind DL. This reduces the need for feature engineering for flat
networks by enabling hierarchically learning of high-level features
from low-level features. Because of this, DL is frequently referred
to as a "hierarchical learning representation" in literature in some
contexts [22, 23]. For classification, the model was implemented
based on Deep Recurrent Neural Network (DRNN).

2.2.4 Deep Recurrent Neural Networks. DRNN is an FFNN exten-
sion that can accept inputs of variable-length sequences. The fact
that DRNN contains a recurrent hidden state whose activation at
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Figure 2: Multi-classification DRNN model diagram.

Figure 3: Binary classification DRNN module diagram.

Figure 4: Binary classification fusion diagram.

each time depends on that, the previous time is the reason it can
handle time series. One DRNN type that enables each recurrent
unit to adaptively capture dependencies on various time scales is
the LSTM [23]. To regulate the flow of information, LSTMs use
cells and forget gates. This allows the model to accept a set of data
samples as input and determine the time relationship between them.
It has been observed, however, that they struggle to learn long-term
partnerships. LSTM networks address this issue by including a pa-
rameter in the hidden node loop that allows states to be recorded
and released based on the input sequence. Thus, states are triggered
in response to short-term events, but the network can maintain
these states active indefinitely, providing long-term memory to

the network. In learning sequences, LSTMs have been proven to
outperform regular DRNNs [24, 25].

Figure 5 represents the workflow of the proposed DRNN model
and shows the number of LSTM and Dense layers used. Figure
6 shows the structure of LSTM cell and how cells are connected
recurrently to each other.

2.2.5 Stacked LSTM layers. (LSTMs) units that learn long-term
dependencies between time steps in temporal and sequence data
make up a recurrent layer [23]. A reliable method for solving diffi-
cult sequence prediction problems is stacking LSTMs. A model of
LSTM made up of several LSTMs layers is referred to as a "stacked"
LSTM architecture. Instead of a single value output, the LSTMs
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Figure 5: Proposed DRNN layering architecture.

Figure 6: Structure of LSTM unit

layer below receives a sequence output from the layer above. To
be more precise, one output time step for each input time step, as
opposed to the opposite [24-27].

The LSTM network retrieves the mapping from the input se-
quence x = (x1, . . . . . . xt) to the output y = (y1 . . . . . . yt) by itera-
tively calculating the net unit activation from 1 to t as follows:

𝑖𝑡 = 𝜎 (𝑊𝑖 𝑥𝑖 +𝑈𝐼ℎ𝑡−1 + 𝑏𝑖 ) (1)

𝑧𝑡 = 𝑡𝑎𝑛ℎ (𝑊𝑧𝑥𝑡 +𝑈𝑧ℎ𝑡 −1 + 𝑏𝑧) (2)

𝑓𝑡 = 𝜎

(
𝑊𝑓 𝑥𝑡 +𝑈𝑓 ℎ𝑡 −1 + 𝑏 𝑓

)
(3)

𝐶𝑡 = (𝑖𝑡 ∗ 𝑧𝑡 ) + (𝑓𝑡 ∗ 𝐶𝑡 −1 ) (4)
𝑜𝑡 = 𝜎 (𝑊𝑜𝑥𝑡 +𝑈𝑜ℎ𝑡 −1 +𝑉𝑜ℎ𝑡 + 𝑏𝑜 ) (5)

ℎ𝑡 = 𝑜𝑡 ∗ tanℎ (𝐶𝑡 ) (6)
𝑥𝑡 = tanℎ (𝑊𝑖 𝑥𝑖 + 𝑏𝑖 ) (7)

Where: 𝑓𝑡 indicates the forget gate, 𝑖𝑡 indicates the input gate, 𝑜𝑡
indicates the output gate, 𝐶𝑡 indicates the cell state, ℎ𝑡 indicates
the hidden state, W represents each LSTM gate’s unit weight, and
b represents each LSTM gate’s unit bias.

2.2.6 Dense layers. Dense layers are fully connected layers that
are used in the final stages of neural networks. These layers help
change the dimensions of the output from the previous layer. This
allows the model to easily define relationships between values in
the data on which it operates. This is the most common and most
used layer. The equation shows the vectorized representation of
the dense layer [23, 24].

𝑥𝑡 = tanℎ (𝑊𝑖 𝑥𝑖 + 𝑏𝑖 ) (8)

Where: W represents the LSTM unit weights for each gate and b
represents the LSTM unit bias for each gate.

2.2.7 SOFTMAX activation function. SOFTMAX activation func-
tion are integrated into the output layer to classify which gestures
are performed. One of the most commonly used functions is the
SOFTMAX activation function. because of the performance of each
class in predicting probability [23, 24]. The SOFTMAX function
predicts a class’s chance. The equation shows its mathematical
expression.

𝑍 𝑗 =
𝑒𝑍 𝑗∑𝐾
𝑗=1 𝑒

𝑍 𝑗
for 𝑗 = 1, . . . .., 𝐾 (9)

𝑍 𝑗 is the class’s output probability,𝐾 is the total number of predicted
classes, 𝑒𝑍 𝑗 is the linear combination of the weights and previous
layer activations. It is important to maintain that the SOFTMAX
output layer has the same number of units or nodes as the predicted
classes.

2.2.8 Learning. The essential step after defining the model was se-
lecting a cost function for optimizing during training and attaining
the desired results [23, 24]. The Cost function used in the classifica-
tion problem was the cross-entropy loss function which is defined
with the given equation [28].

𝐶 = −
𝑘∑︁
𝑘=1

𝑦𝑘 𝑙𝑜𝑔 (𝑃𝑘 ) (10)

Where: 𝑃𝑘 is neural network prediction,𝑦𝑘 indicates the actual value,
𝑘 indicates the total number of classes.

The model was optimized with ADAM optimization. ADAM is
one of the best deep learning optimization methods, and its pop-
ularity is rapidly expanding [23, 24]. The ADAM optimizer has
several advantages, including faster run-time, less memory require-
ments, and less fine-tuning than any other optimization algorithm
[29]. One of ADAM’s key elements is the use of an exponentially
weighted moving average (leaky averaging) to obtain estimates of
both the momentum and the second moment of the gradient. i.e.,
use a state variable.

𝑚𝑡 = 𝛽1𝑚𝑡−1 + (1 − 𝛽1)
[
𝛿𝐿

𝛿𝑤𝑡

]
(11)

𝑣𝑡 = 𝛽2𝑣𝑡−1 + (1 − 𝛽2)
[
𝛿𝐿

𝛿𝑤𝑡

]
2 (12)

Where: 𝛽1 and 𝛽2 are hyper-parameters which represent the decay
rate of the average of the gradients.

2.2.9 performance metrics. As the model has been created and
trained, its performance must be evaluated. There are many metrics
available tomeasure amodel’s performance. i.e., accuracy, precision,
recall, f1-score [23, 30].
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Figure 7: Training and validation accuracy for data 1

Figure 8: Training and validation loss for data 1

3 RESULTS AND DISCUSSIONS
Based on the methodology described in Section 2, this section pro-
vides a summary of the research results.

3.1 Multi-classification evaluation
For better performance and stability during training and validation,
the number of training epochs was set to 250 and the batch size to
32. The correct classification rates (CCR) of the proposed method
for first and second data are 99% and 86%, respectively. Figures 7,8,9
and 10 show the accuracy and the loss results during the training
and the validation stages. Table 1 shows the classifier accuracy and
loss values of training and testing. Figure 10,11 show the values of
precision, recall and f1-score for both datasets. It can be noted that
the performance of the multi classification model using the first
data type is better than the second one.

3.2 Binary classification evaluation
The same for binary classification, the number of training epochs
was set to 250 and the batch size to 32. The (CCR) of the proposed
method is 99.55%. Figure 13 shows the values of precision, recall,
and f1-score applied for binary classification.

Figure 9: Training and validation accuracy for data 2

Figure 10: Training and validation loss for data 2

Table 1: accuracy and loss values of test and training for data
1&2

Data Test
Accuracy

Test
Loss

Training
Accuracy

Training
Loss

Data1 0.946 0.16 0.99 0.01
Data2 0.86 0.08 0.86 0.07

Table 2: accuracy and loss values of test and training for
binary classification

Test Accuracy Test Loss Training
Accuracy

Training Loss

0.946 0.16 0.99 0.01

Figure 14,15 shows the accuracy and loss results during the
training and validation stages. Table 2 shows the classifier accuracy
and loss value of training and testing. The results for each BCM
achieve almost the same values.
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Figure 11: Performance metrics results for multi-classification for data 1

Figure 12: Performance metrics results for multi-classification for data 1

Figure 13: Performance metrics results for binary classification

3.3 Model comparison
For evaluating the performance of the proposed technique, the
results of the two phases of the method stages were compared with
each other and with previous works of the same purpose.

Figure 16 shows the comparison resultant between the accuracy
of multi and binary classification for two data types. Table 3 shows

the results of the evaluation of the proposed DRNNmodel compared
with others using the same data. Looking at the results shown, it
can be noticed that the performance of the binary classification is
the best.



Deep Recurrent Neural Network Approach with LSTM Structure for Hand Movement Recognition Using EMG
Signals ICSIE 2023, November 21–23, 2023, Sharm El-Sheikh, Egypt

Table 3: Evaluation of the proposed DRNN model with other models

Classifier Accuracy Precision Recall F1-score

Catboost .96 .95 .97 .96
Support vector .92 .94 .90 .92
Random forest .92 .95 .91 .93

Proposed technique (multi-classification) .95 .95 .97 .99
Proposed technique (Binary-classification) .99 1 1 .99

Figure 14: Training and validation accuracy for data 1

Figure 15: Training and validation loss for data 1

4 CONCLUSION
The usage of Deep Recurrent Neural Networks (DRNN) based on
FeedForward Neural Networks (FFNN) and long short-term mem-
ory networks (LSTM) was proposed for this study to enhance the
classification of hand gestures using EMG signals recorded for the
forearm muscles. The main concept of the technique is divided into
two phases multi and binary classification applied to the two types
of datasets. Results show that the average accuracy for multiple
classifications was 95% for the first data type and 86% for the second
one, while binary classification was 99% accurate for each model.
The accuracy of gestures classification performed better in the bi-
nary classification phase than in the multiple. The results obtained

in two phases for two data types were compared with other models
using the same data.
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