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Abstract: Despite the increasing use of technology, handwriting has remained to date as an
efficient means of communication. Certainly, handwriting is a critical motor skill for childrens
cognitive development and academic success. This article presents a new methodology based on
electromyographic signals to recognize multi-user free-style multi-stroke handwriting characters.
The approach proposes using powerful Deep Learning (DL) architectures for feature extraction and
sequence recognition, such as convolutional and recurrent neural networks. This framework was
thoroughly evaluated, obtaining an accuracy of 94.85%. The development of handwriting devices can
be potentially applied in the creation of artificial intelligence applications to enhance communication
and assist people with disabilities.
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1. Introduction

Handwriting is a complex and essential communication skill for humans that is often disregarded.
Nonetheless, handwriting (both manuscript and cursive) is a critical motor skill for children’s cognitive
development and academic success [1]. Considering as an example the case of a musical composition,
experts in this area show a preference for handwriting editions over the use of specialized, user-friendly
interfaces. The latter due to the lack of confidence in using a computer for artistic applications.
Despite this fact, the automatic detection of hand-written musical notation in digital media is highly
recommended and profitable in such an application, similar to characters recognition in text analysis.
Calvo-Zaragoza and Oncina proposed a music notation recognition method based on an electronic pen
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and a finite-state machine to detect user strokes competitively [2].
In hand gesture analysis, Mendes et al. studied the interaction human and robot based on gesture

recognition by developing an Electromyography sensor to capture and discriminate valid gestures using
a Deep Learning technique [3].

Analogously, Słapekand and Paskiel proposed a method based on Bèzier curves to extract
predefined hand gestures without using a marker at the start or end in the sequence of points [4].
Such type of methods tries to detect the handwriting style to develop improved methodologies in smart
human-computer interfaces and handwriting recognition.

On the other hand, the development of brain-computer interfaces offers an alternative for
clinical and assisted applications involving motor biosignals. For instance, the communication
abilities of people with or without disabilities can be enhanced through devices interfaced with
Electroencephalography (EEG) and/or Electromyography (EMG) signals.

There are two kinds of EMG [5]: Surface EMG and intramuscular EMG. Intramuscular EMG is a
technique that is performed by inserting electrodes into a skeletal muscle. In contrast, surface EMG
is performed by placing electrodes on the skin surface above a muscle. Compared to intramuscular
EMG, surface EMG has the advantage of being a non invasive technique which is clinically superior
in the diagnosis, rehabilitation, and testing of new therapies linked to motor activity. Surface EMG
(sEMG) signals form an intricate interference pattern of bioelectrical signals generated mainly from
the dynamical activity of skeletal muscles. As a consequence, sEMG signals from individual muscles
cannot be reliably distinguished.

Additionally, sEMG has found several new applications supported by Machine Learning and Deep
Learning methods as movement analysis, muscular fatigue, sports therapies, wearable devices, and
particularly in handwriting recognition [6]. sEMG data acquisition and the corresponding waveforms
are affected by many factors such as the muscles’ physiological properties, added noise in the
instrumentation used for sensing, as well as the chosen location of the electrodes related to the
active muscle units. Hence, conventional features extraction methods involving sEMG generally
require robust pre-processing steps and filtering. Moreover, the sEMG signal complexity can also
be explained by the fact that there are various ways in which a motor task can be performed (motor
redundancy) [7, 8]. Simao et al. made a recent review of the sEMG-based systems using pattern
recognition techniques and describing sensitive processes as signal acquisition and filtering. Their
study focused on new human-machine interaction modalities [9].

Recently, advances in biomedicine have made possible the invention of myoelectric prostheses
capable of performing real arm or leg movements [10]. Neural prostheses strive to restore the mobility
of limbs, and the ability to communicate of subjects with disabilities, through the interconnection
of brain potentials, actuators, or artificial devices in functional electrical stimulation. A significant
innovation was the implementation of a device to predict a premature birth several weeks in advance.
In this context, bioelectric interfaces allow extracting handwriting patterns for diagnostic purposes
in patients with Parkinson’s disease, and more recently, dysgraphia disability. Therefore, sEMG
signals generated during the handwriting can be used to characterize neurological disorders [11]. In
handwriting, the sEMG signals are generated and captured from the hand and forearm muscles during
the handwriting activity, to be decoded by the specific purpose recognition systems [12]. In early
studies, Linderman et al. developed a reliable system using sEMG signals to recognize handwriting
characters to diagnose or measure disease progression in medical treatments [13].
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In general, handwriting recognition from sEMG signals is addressed using the following
approaches: Template Matching [13], Dynamic Time Warping (DTW) [12, 14], Radial Basis Functions
(RBF) Neural Networks [11]. It is noteworthy that sEMG signals convey a great amount of information
about limb movements. Following this reasoning, several applications have been proposed in the
literature for the recognition, modeling, and reconstruction of handwriting movements. Additionally,
the reconstruction of handwriting from sEMG signals has been addressed using the Wiener filters [13],
Recursive Least Squares [15], RBF neural networks [16], and Kalman filters [17]. Therefore, these
advances are not only limited to medical purposes, but also toys and video games can be controlled
through the musculatures bioelectric activity. In a related work, Wei et al. devised a gesture recognition
method by using multi-view features for both unimodal and multimodal sEMG-based gestures driven
by a Deep convolutional neural network (DCNN) model [18].

Dash et al. [19] designed an approach called AirScript, for visualizing and recognizing characters
written in the air. In this case, IMU (Inertial Measurement Unit) data from the Myo armband were
applied to obtain a 2D coordinates sequence to visualize a handwritten digit as an image. For
handwritten digit recognition, a convolutional neural network (CNN), and two GRU (Gated Recurrent
Unit) neural networks were analyzed. The images were used as inputs to the CNN, the generated
sequence of 2D coordinates was utilized as input to the first GRU neural network, and the raw IMU
signal as input to the second GRU neural network. Subsequently, the outputs of those three neural
networks were fused to yield the class of the recognized digit. The system reached an accuracy of 91.7
and 96.7% for independent and dependent tasks, respectively. In the method implemented by Roy et
al. [20], single stroke digits were written in the air using a marker of uniform color. A video camera
recorded the handwriting trajectory. After segmenting each video frame, the marker tip position was
used to approximate the handwriting trajectory and to obtain an image of the handwritten digit. Next,
a CNN was used for recognizing the image of each handwritten digit reporting an accuracy of 97.7,
95.4 and 93.7% for the English, Bengali, and Devanagari digits, respectively.

In some studies, the recognition of handwriting characters was limited to use small databases,
imposing several restrictions on the placement of the electrodes, and in the number and complexity
of handwriting strokes. Most handwriting recognition methods using sEMG signals were mainly
based on pre-processing and feature extraction [13], while some others use the DTW method after
pre-processing [14].

The approach discussed in this paper addreses handwriting character recognition problem from
a more general point of view. To cope with the variability of the sEMG signals, the use of CNNs is
suggested for the signal processing and feature extraction [21, 22]. Hence, a Recurrent Neural Network
(RNN) based on the Long Short-Term Memory (LSTM) and GRU networks is used to recognize
sEMG signals, considering that LSTMs have also been previously applied successfully to gesture
recognition [23]. Implemented CNN architectures are based on several studies demonstrating the
efficacy and robustness of CNNs for extracting discriminant features directly from raw data. CNNs
use a multi-level representation to learn and decode original data from specialized layers applied to an
optimal recognition task [24].
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2. Materials and methods

2.1. Convolutional neural networks

A convolutional neural network (CNN), is a well-known Deep Learning architecture originally
inspired by findings in visual perception. In 1959, Hubel & Wiesel discovered the existence of simple
cells in the visual cortex of cats [25]. Simple cells are neurons that respond to bars or edges directed
to a specific orientation. Hubel & Wiesel also recommended a hierarchical model to explain the
behavior of simple cells. According to Marr [26], the receptive fields of simple cells are either bar
o edge-shaped, and they compute a linear convolution with a bar or edge-shaped mask. Inspired on
these findings, Fukushima suggested the Neocognitron in 1980 [27], which perhaps constitutes one
of the first CNN architectures. The Neocognitron introduced two basic layer types: Convolutional
layer and subsampling layer. Weng et al. proposed the Cresceptron architecture, which introduced
max-pooling [28] and a variant called blurring [29].

In 1990, LeCun et al. created the LeNet architecture to classify handwritten digits [30]. The
LeNet architecture and variants were the first to be trained with the backpropagation algorithm [31].
This architecture obtained effective representations directly from the image, which made it possible
to recognize visual patterns from raw pixels with little-to-none pre-processing. At the same time,
Zhang et al. used a Shift-Invariant Artificial Neural Network (SIANN) to recognize characters in an
image [32].

In the beginning, despite the success of the LeNet-5 for digit recognition, CNNs were not successful
for more complex tasks. The main reasons included the low computing power available, the small
number of training samples, and diverse problems that arose especially for Deep CNNs (DCNN) [33].
After several efforts to surmount the difficulties for training DCNNs and thanks to the availability of
new powerful computing resources, Krizhevsky et al. presented the AlexNet architecture, which won
the ImageNet Large Scale Visual Recognition Challenge (ILSVRC2012) [34]. The overall AlexNet
architecture [35] is basically the same as the LeNet-5 architecture but considerably deeper, with stacked
convolutions and with more filters per layer. Among the innovations incorporated in AlexNet, were the
use of the Rectified Linear Unit (ReLU) activation functions [36], max-pooling layers, dropout [37],
data augmentation [38], and ad-hoc initialization algorithms, Jiuxiang Gu et al. detail the recent
improvements of CNNs related to the aforementioned innovations [33].

Several years later, He et al. proposed the ResNet architecture, which won the ILSVRC 2015 [39].
It was several times deeper than AlexNet and incorporated innovations such as residual blocks, and
batch-normalization layers [40].

2.2. Recurrent neural networks

Recurrent neural networks are a class of neural networks originally conceived as en effort to
incorporate time in neural networks. In 1986 Jordan et al. [41] proposed a neural network with
dynamic memory which incorporated recurrent connections from the output layer to the hidden layer.
Several years later, Elman et al. [42] proposed another recurrent network based on the Jordan network.
This model incorporated recurrent connections directly from the output of the hidden layer allowing
the network to maintain a sort of state or memory in the hidden layer. This allowed the network to
perform difficult tasks such as temporal sequence prediction, sequence-to-sequence mapping, etc.
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Recurrent neural networks are trained by using Backpropagation-Through-Time (BPTT). First, the
network is unfolded in time. As a result, a very deep shared weights feedforward neural network
is obtained. Then training is performed by using the back-propagation algorithm. At that time,
recurrent neural networks had a limited success because they presented learning problems when dealing
with very long sequences [43, 44]. This was called the vanishing gradient problem because the
backpropagated gradients used to update the weights vanished rapidly to zero. As a result, the network
was not able to learn patterns contained at the beginning of the sequence. This means that the network
was not able to learn long-range dependencies.

2.2.1. Long short-term memory

In 1997 Hochreiter & Schmidhuber [45] proposed Long Short-Term Memory (LSTM) networks as
solution to the vanishing gradient problem. The basic structure of an LSTM network is composed of a
chain of units that can decide when to remember, forget, and acquire new information. Consequently,
an LSTM unit is composed of one memory cell and three multiplicative gates: Forget, input, and output
gates. Figure 1 illustrates the basic structure of an LSTM unit, including in essence sigmoid and tanh
units, adders, and multipliers.

tanh ℎt

tanh
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Figure 1. Structure of an LSTM unit.

Mathematically, the equations governing the operation of an LSTM unit are described next.
The forget gate output is given by Eq (2.1):

ft = σ(Wx f xt + Wh f ht−1 + b f ), (2.1)

where σ(x) = 1
1+e−x ∈ [0, 1] is the sigmoid activation function, xt is the current input, ht is the current

output of the LSTM unit, W and b are weight and bias matrices, respectively.
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The output of the input gate it is given by Eq (2.2):

it = σ(Wxi xt + Whi ht−1 + bi), (2.2)

where ht−1 is the previous output, W and b are respectively, the weight matrix and bias parameters that
must be learned. Besides, the current output of the cell state ct, is obtained by Eq (2.3):

ct = ft ct−1 + it tanh(Wxc xt + Whc ht−1 + bc), (2.3)

where tanh(x) is the hyperbolic tangent activation function. Finally, ot is the output of the output gate
defined as Eq (2.4):

ot = σ(Wxo xt + Who ht−1 + bo). (2.4)

LSTM networks have found countless applications since their invention, which involve speech
recognition, text analysis, language processing, machine translation, handwriting generation, among
others.

2.2.2. Gated recurrent unit

Gated Recurrent Unit (GRU) networks were introduced by Cho [46] as an alternative to LSTM
networks with fewer parameters. A GRU unit utilizes only two gates to decide when to acquire new
information and its hidden state is also its output. Basically, a GRU unit is composed of one memory
cell and two multiplicative gates: Update, and output gates. Figure 2 illustrates the structure of a
fundamental GRU unit.
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Figure 2. Structure of a fundamental GRU unit.
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The computations performed by a GRU unit are described next. The reset gate’s output rt, which
decides the amount of information to forget, is defined as Eq (2.5)

rt = σ(Wxr xt + Whr ht−1 + br), (2.5)

where σ is a sigmoid activation function, xt is the current input, ht−1 is the hidden state of the previous
time step, W and b are the weight matrix and bias parameters, respectively. The output of the update
gate for time step t, zt, is described by Eq (2.6)

zt = σ(Wxz xt + Whz ht−1 + bi). (2.6)

Finally, the current hidden state (or output) ht of the GRU unit is formally given by Eq (2.7)

ht = (1 − zt) ht−1 + zt h̃t, (2.7)

where h̃t is simply defined as,

h̃t = tanh(Wxh xt + rt Whh ht−1 + bh), (2.8)

which uses the reset gate output to feedback past relevant information.

2.3. Proposed approach

Most previous approaches to handwriting character recognition from sEMG signals were based on
pre-processing and feature extraction followed by a linear classifier such as LDA [13]. Whereas some
other approaches were based on pre-processing followed by the DTW method. Nevertheless, all these
approaches are highly restrictive, in the sense that they require the electrodes to be carefully placed
on the muscles to facilitate classification. Additionally, all those approaches were only designed for
single-stroke characters.

In this paper, a more general and reliable approach is proposed. This method disposes of highlighted
features as multi-user, free-style, multi-stroke handwriting character recognition. Each test-subject
wears a Myo armband device on the forearm, and no restriction is made regarding a predefined position
of the electrodes. Figure 3 shows the global components of the database construction of the characters
recognition approach.

Open 
Myo App

Myo armband 
Calibration

Writing & sEMG
signals capture

Characters Drawing 
& Checking

Figure 3. General framework for the database construction used in the recognition system.

The main contributions are focused on the database creation and the development of a discriminant
and versatile characters recognition system. The four blocks are dedicated to the character’s acquisition
system and especially to the construction of the database using software programmed to control the
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captured patterns (see details in Section 3). To cope with the variability of sEMG signals, powerful
techniques for feature extraction, and sequence processing, such as CNNs and RNNs (LSTM, GRU)
networks, were respectively used. From a multi-channel sEMG signal approach, four neural network
architectures were designed and implemented, which were named DCNN-LSTM, DCNN-2LSTM,
DCNN-GRU, and DCNN-2GRU architectures.

Figure 4 shows the internal layers of the proposed CNN-LSTM architecture.

I1 I2 I3 I4 I5 I6

LSTM LSTM LSTM LSTM

I7 I8 IM

LSTM

...

...

...

...

...

...

Convolutional
Layer

MaxPooling
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Layer

Input Nodes

Output Layer

LSTM Layer

Figure 4. CNN-LSTM architecture.
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Figure 5. CNN-GRU architecture.

Such a DCNN-LSTM architecture comprises two convolutional layers, one pooling layer, one
LSTM layer, and one fully connected layer. Each convolutional layer has a ReLU activation function
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and 32 filters of size 3 × 1. A max-pooling layer follows the first convolutional layer. Thereunto, a
dropout layer is added to avoid over-training and improve generalization in each convolutional layer.
Besides, the LSTM layer is composed of 180 units. Conversely, the fully connected layer has 36
outputs and a SoftMax activation function.

The neural architectures were implemented in Python using Keras with Tensorflow backend with:
The loss function based on categorical-cross-entropy, the optimizer known as Nadam, the fundamental
metrics defined as loss and accuracy.

Apart from the above, the internal layers of the proposed CNN-GRU architecture are shown in
Figure 5.

It is worth mentioning that the DCNN-GRU architecture is similar to the DCNN-LSTM
architecture. The main difference relies on using a GRU layer instead of an LSTM layer. Whereas, the
DCNN-2LSTM and DCNN-2GRU architectures use two stacked LSTM and GRU layers, respectively.

Figure 6 presents the sequence of processes involved in the identification of the character class.
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Figure 6. Overview of the recognition system based on convolutional and recurrent neural
networks.

The most important steps are armband calibration, handwriting task, sEMG capture (Myo armband:
Raw sEMG signals generation, filtering and sampling), magnitude and sequence length normalization
to finally send the 8-channel sEMG data to the neural architecture for recognition. In concrete terms,
the input to the Neural Network is an array of size (900, 8) with eight-channel sEMG signals, one
pattern obtained from the armband at each capture, the number of outputs are 36. Each output
represents an estimation of a class probability.

3. Data collection

The raw sEMG data used in the numerical tests were collected from a MyoTM armband. The MyoTM

armband is a commercial electronic device developed by Thalmic Labs R©. Such a system is a low-cost,
non-invasive, user-friendly wireless eight-channel device with dry electrodes working at a sampling
frequency of 200 Hz.
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Figure 7. A subject wears a Myo armband on the forearm.

(a) (b)

(c)

Figure 8. Example of a capture task. (a) A subject writing a letter by using a stylus pen.
(b) A subject writing a letter by using the index finger. (c) Some examples of handwritten
characters.

A capture application was developed in Python, under Windows 10. Synthetically, the capture
procedure operates as follows, first, the application to capture sEMG signals is started from a command
prompt. The application displays a GUI with an option of terminating the application at any time. Next,
a subject wears a Myo armband on the left or right forearm (see Figure 7). Posteriorly, the armband is
turned on and connected to the PC via a Bluetooth dongle that is plugged into a USB port. Once the
device has been correctly detected, a personal calibration profile must be created and selected by using
the Myo armband Manager software. Then, the user types a character (letter or digit) into a text field in
the GUI. If the typed character (or class) is wrongly chosen, the software still provides the possibility
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to cancel the capture. After that, the user clicks on Start button to begin the capture process. At this
time the subject starts writing with the index finger (or a stylus pen) on the touchscreen. The capture
process finishes when the subject clicks on Stop button. Now, the subject must click on Save button
to write the captured data to a CSV file. The captured data comprises eight signals corresponding to
the eight sensors of the Myo armband. Such characters are written in a freehand style with the index
finger or a stylus pen. Additionally, the (x,y) coordinates of the handwriting movements are visualized
on the screen. Thereunto, remember that before each handwriting task, the Myo armband is calibrated
so that the device always started with the same personal configuration for different users.

Three healthy subjects seated in a comfortable position participated in the creation of the database.
Each task consisted of drawing with the index finger (or stylus pen), 26 lowercase characters

(’a’-’z’), and 10 decimal digits (’0’-’9’). The subjects were free to use their particular handwriting
style with one or more strokes.

Because a total of 3 subjects participated in creating the database, the number of classes of
characters is 36 (26 letters and 10 digits), and each subject wrote each character class one thousand
times, the total number of patterns is 108,000 (i.e., 3 × 36 × 1000). Ergo, the database contains
108,000 patterns of multi-channel sEMG signals divided into 36 classes and 3,000 patterns per class.
Additionally, the database also provides the trajectory of each handwritten character along with the
stroke number. This can be useful for visualization or research purposes (i.e., handwriting trajectory
reconstruction). Figure 9 shows the representative (average) pattern over all classes. The amplitudes
are small in the right side because there are fewer patterns with lengths above 2.5 seconds.
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Figure 9. The representative (average) pattern of the database over all classes.

4. Numerical results

The database was split into training and testing sets to assess the performance of the proposed
architectures. The testing set contains 10% of the samples, whereas the rest of the samples formed the
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training set. Thus, 97,200 samples were used for training and 10,800 samples were used for testing.
All architectures were trained and tested on a workstation with an Intel R© Core

TM
i7 processor, 16

GB RAM, an Nvidia R© GeForce RTX
TM

2080 GPU, and Windows 10 using Keras with a Tensorflow
TM

backend. For all cases, the Nesterov-accelerated ADAptive Moment (NADAM) algorithm [47] was
used for training using the cross-entropy loss function and a batch size of 1024.

Firstly, each architecture was trained with similar tuning parameters for 8,000 epochs using a
cyclical learning rate schedule [48]. Thus, the minimum and maximum learning rates were set to
0.000001 and 0.001, respectively. Furthermore, the step size was defined to five times the number of
iterations in each epoch. Secondly, each training essay was repeated several times with different initial
conditions to help avoid local minima. Moreover, the dropout rate was varied from 0.8 to 0.6 to help
reduce the effects of overfitting. Likewise, the number of units in the LSTM and GRU layers varied
from 80 to 200.

Table 1 shows the results obtained for the four architectures using only samples for one subject.

Table 1. Results obtained for each architecture.

Architecture Accuracy (%)
CNN-LSTM 96.37

CNN-2LSTM 96.48
CNN-GRU 97.03

CNN-2GRU 96.29

As can be seen, the best accuracy (97.03%) is achieved by the CNN-GRU architecture, whereas the
CNN-2GRU architecture achieves the lowest accuracy (96.29%).

Table 2 shows the results for the CNN-GRU architecture for each and all subjects.

Table 2. Results obtained for the CNN-GRU architecture.

Subjects Accuracy (%)
Subject1 97.04
Subject2 95.05
Subject3 94.89

All 94.85

Note that the highest accuracy was obtained for subject1 and the lowest for subject3. The accuracy
of all subjects was 94.85%, which is slower than the accuracy of a single subject. This effect is due
to the higher variability of the sEMG signals of all subjects. Table 3 shows a quantitative comparison
with representative state of the art studies.

Table 3. Comparison of the proposed method with state-of-the-art approaches.

Method Samples Subjects Classes Accuracy (%)
Template Matching [13] 350 6 10 97

DTW [12] 520 3 26 84.29
DTW [14] 780 4 26 78.24 to 92.42
Proposed 108k 3 30 94.85
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From the numerical results, it can be observed and concluded that the proposed approach is highly
competitive, and in general, compares well with the already-existing methods in the state of the art.
Figure 10 shows the confusion matrix obtained for the CNN-GRU architecture.

It is noteworthy that all the classes are recognized with high accuracy for samples from all test
subjects. Figure 11 shows the ROC curve obtained for class a by using the CNN-GRU architecture.
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Figure 10. Confusion matrix obtained for the CNN-GRU architecture.
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Figure 11. ROC curve for class a and CNN-GRU architecture.

As can be seen, the ROC area is very close to one, which indicates an excellent separation capability
between classes. A similar result was obtained for the other 35 classes.
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5. Discussions

The numerical results showed that the four architectures proposed presented comparable accuracies.
However, the fastest architecture (CNN-GRU) also presented the highest average accuracy. It is worth
mentioning that these results yielded a high accuracy, although no pre-processing was performed. For
these reasons, the CNN-GRU architecture was chosen for the task of multi-user, free-style, handwriting
character recognition. Notwithstanding, there are always options for amending the actual systems. For
instance, an opportunity of improvement is represented by the possibility of testing our approach using
a more extensive multi-user database of sEMG signals.

6. Conclusions

A new methodology for recognizing multi-stroke handwriting characters from sEMG signals using
an MyoTM armband device has been presented. The proposed approach consists of using robust Deep
Learning architectures for feature extraction, and sequence recognition algorithms such as CNNs and
RNNs. One advantage of the discussed approach is that characters can be written either by using a pen
or a finger. Another advantage is that characters can also be written in the air.

A CNN-GRU architecture achieved average accuracy of 94.85% for the task of multi-user
handwriting character recognition. In comparison with previous works, the results obtained in this
work are promising even though sEMG signals presented complex variations on their shapes due to the
differences in the placement of the armband device. Therefore, this study is an essential contribution
to the area of brain-computer interfaces. Brain-computer interfaces offer an alternative to restore or
enhance the communications skills of people with and without disabilities.
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46. K. Cho, B. Van Merriënboer, C. Gulcehre, D. Bahdanau, F. Bougares, H. Schwenk, et al., Learning
phrase representations using RNN encoder-decoder for statistical machine translation, arXiv
preprint arXiv:1406.1078, 1724–1734.

47. T. Dozat, Incorporating nesterov momentum into adam, in International Conference on Learning
Representations, ICLR, 2016.

48. L. N. Smith, Cyclical Learning Rates for Training Neural Networks, 2017 IEEE Winter
Conference on Applications of Computer Vision (WACV), IEEE, 2017, 464–472.

Supplementary Material

The dataset is available in the public repository Discover Mendeley Data. Available from: https:
//data.mendeley.com/datasets/ms3sbpbrgp/1.

c© 2020 the Author(s), licensee AIMS Press. This
is an open access article distributed under the
terms of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/4.0)

Mathematical Biosciences and Engineering Volume 17, Issue 5, 5432–5448.

https://data.mendeley.com/datasets/ms3sbpbrgp/1
https://data.mendeley.com/datasets/ms3sbpbrgp/1
http://creativecommons.org/licenses/by/4.0

	Introduction
	Materials and methods
	Convolutional neural networks
	Recurrent neural networks
	Long short-term memory
	Gated recurrent unit

	Proposed approach

	Data collection
	Numerical results
	Discussions
	Conclusions

