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Abstract—The Electromyography (EMG) signal is a non-
stationary bio-signal based on the measurement of the electrical 
activity of the muscles. EMG based recognition systems play an 
important role in many fields such as diagnosis of neuromuscular 
diseases, human-computer interactions, console games, sign 
language detection, virtual reality applications, and amputee 
device controls. In this study, a novel approach based on deep 
learning has been proposed to improve the accuracy rate in the 
prediction of hand movements. Firstly, 4-channel surface EMG 
(sEMG) signals have been measured while simulating 7 different 
hand gestures (Extension, Flexion, Open Hand, Punch, Radial 
Deviation, Rest, and Ulnar Deviation) from 30 participants. The 
obtained sEMG signals have been segmented into sections where 
each movement was found. Then, spectrogram images of the 
segmented sEMG signals have been created by means of Short-
Time Fourier Transform (STFT). The created colored 
spectrogram images have trained with 50-layer Convolutional 
Neural Network (CNN) based on Residual Networks (ResNet) 
architecture. Owing to the proposed method, test accuracy of 
99.59% and F1 Score of 99.57% have achieved for 7 different hand 
gesture classifications. 

Keywords—CNN, Deep Learning, EMG, Hand Gesture, ResNet, 
Spectrogram, STFT. 

I. INTRODUCTION 
Movement can be described as a symbol of emotional 

expression or physical attitude. The ability to move is an 
indispensable element of people's daily lives. Movements play 
an important role in performing actions and communication [1]. 
EMG is used to examine and evaluate the contraction 
mechanics of muscles and to compare their neural effects. In 
recent years, sEMG signals that can be measured noninvasive 
became an essential technique used both the controlling of 
myoelectric based devices and rehabilitation devices used in 
diagnosis, treatment, and prosthesis [2].  

The intended movement of the person can be determined by 
human and computer interaction, especially recognition and 
prediction of hand gestures is beneficial in sign language 
perception and virtual reality applications like control of virtual 
objects [3]. In addition, sEMG based hand gesture systems 
provide real-time control for disabled individuals.   

Hand gesture recognition can also be used in haptic systems 
to teach movements to the device and to provide feedback 
during use. It is important to estimate the movement in 
exoskeletons used in the rehabilitation process for amputated 
patients, hand exoskeletons designed for individuals working 
with hazardous chemicals in laboratories, and exoskeleton 
studies for military use [4]. In the systems that are based on 
myoelectric control, EMG signals can be processed and 
classified to provide a movement estimation. Because it is 
assumed that there is information about which movement is 
taking place in EMG signals. Whereas in the multi-grip 
prosthesis used today, the method of control has become 
complicated, it has become necessary to classify the EMG 
signal used for control [5]. Noninvasive sEMG based pattern 
identification systems have demonstrated the potential for 
control of prosthetic of the upper limb [6]. 

There is a need for more effective use and control in the 
EMG based systems with a more advanced motion estimation 
method to obtain better human-computer interaction 
synchronization [7]. For these reasons, new methods are needed 
to increase the accuracy rate and improve the synchronization 
in control systems in motion prediction, especially in the 
prediction of hand movements.  

Numerous medical and engineering applications for EMG-
based hand gesture recognition exist [8]. In addition to 
traditional machine learning algorithms, many deep learning-
based automatic hand gesture prediction studies have been 
published [9]. 

Rubio et al. have proposed an automatic recognition system 
for hand gestures. They used raw data obtained by MYO 
thalamic bracelet device (equally spaced around the forearm of 
eight channels) from 36 participants to classify six hand 
gestures. Between the obtained results, the performance of a 
CNN with an accuracy of 94.77%, and the Random Forest 
model with an accuracy of 95.39% were highlighted [10]. 

Asif et al. investigated the effect of hyper-parameters of 
deep learning architecture on hand gestures.  They used CNN 
as deep learning method to determine and classify 10 hand 
gestures from sEMG data of 18 subjects. They obtained that 
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some motions like close hand and extension have better 
accuracy (83.7% and 82.6%) regardless of network 
configuration [6]. 

Chen et al. have designed a CNN structure to increase 
classification accuracy and reduce the number of deep learning 
hyperparameters. Their CNN model had one max pooling layer 
and four convolutional layers with a condense structure and 
fewer parameters. They used MYO armband and classified 7 
hand gestures and some hand exercises in two distinct sub-
datasets. As a result, they decreased the complexity of the CNN 
model and improved sEMG signal classification accuracy for 
hand gestures [11].  

Xing et al. proposed a CNN model with five parallel 
convolution layers to eliminate the disadvantage of classical 
classification methods, which is losing useful information 
during feature extraction, and increase EMG-based hand 
gesture accuracy. For this, data from the NinaPro database was 
used that contains EMG data relative to 53 hand movements of 
78 subjects divided into three datasets. They showed that the 
classification accuracy of the CNN-based method was 83.23% 
with pre-processing [12]. 

This study aimed to contribute to the literature in order to 
ensure improvement in accuracy rate and prediction speed and 
to minimize the error rate, a new approach is presented. For this 
purpose, a deep learning and STFT-based approach, which can 
be used in real-time upper limb sEMG based control systems 
has proposed. 

II. MATERIALS AND METHOD 

A. EMG Signal Collection 
sEMG signals used for hand gesture estimates were 

recorded with the BIOPAC MP36 device in this study. 4-
channel EMG signals were collected from 30 healthy 
volunteers (15 female and 15 male) between the ages of 18-25 
using surface bipolar electrodes. The sEMG signals in the 
created database were recorded at 2 kHz sampling rate for 7 
different hand movements. The seven hand gestures (can be 
shown in Fig. 3) are extension, flexion, ulnar deviation, and 
radial deviation of the wrist, punch, open hand, and rest 
position. The amplitude of the collected EMG signal is between 
0-10 mV or 0-1.5 mV (RMS). 

In order to obtain non-noisy data, it has aimed to provide 
data from muscles closer to the skin surface. The amplitude of 
the EMG signals is usually small. Therefore, as the number of 
actively measured muscles increases, the number of biological 
signs that can be measured and observed increases. 
Accordingly, 4 different muscles close to the surface have been 
determined in such a way that the useful and non- noisy signals 
can be received during the specified hand movements. 

  
Fig. 1. Four channels sEMG electrodes placement. 

These muscles are extensor carpi ulnaris, flexor carpi 
ulnaris, extensor carpi radialis, and flexor carpi radialis. 
Ag/AgCl electrodes were placed on these four muscles as in 
Fig. 1. The sEMG recording process is a total of 515 seconds 
consists of 5 repeats. The sEMG measurement timeline can be 
seen in Fig. 2. The data collection process was executed in 
accordance with the Helsinki Declaration. 

B. Pre-Signal Processing and Segmentation 
The raw sEMG signals obtained from 30 participants were 

filtered from environmental noises and noises from muscle 
contractions that do not belong to the hand gesture by filtering 
a digital bandpass filter between 5-500 Hz and a 50 Hz Notch 
filter. After filtering processes, 4-channel sEMG signals are 
segmented in 4-sec time windows corresponding to the 
moments when the movement action. This process not only 
increased the number of data required for deep learning but also 
not to lose valuable information at the time of contractions in 
the sEMG signals. An example of segmented EMG signals 
belong to each hand gesture can be seen in Fig. 3. 5 repeats were 
recorded from each participant. For this reason, total 4-channel 
sEMG segments belong to each hand gesture can be calculated 
as 30 participants x 5 reps x 7 hand gestures x 4 channel= 4200. 

C. Short-Time Fourier Transform of sEMG Segments 
After the sEMG segmentation, 2-Dimensional spectrogram 

images were created containing the frequency and time 
components of the sEMG signals from 1-Dimensional sEMG 
signals. Most signals in nature are defined as unstable signals. 
The Fourier transform (FT) is not useful for non-stationary 
signals [13].

 
Fig. 2. Timeline of recording signals. 
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Fig. 3.  Seven different hand gestures used in this study; a) Rest, b) Extension, c) Flexion, d) Ulnar Deviation, e) Radial Deviation, f) Punch, and g) Open Hand, 

segmented sEMG drawings of hand gestures, and 2D spectrogram images of segmented sEMG signals created by using STFT (The sEMG data used in this figure 
belongs to the 1st sEMG channel of the number #1 participant in the database).

sEMG signals are unstable signals like other signals in 
nature, thus FT is restricted to analyze these signals [11]. In 
order to unravel these issues, time-frequency methods are 
utilized. In this work, STFT, one of the time-frequency analysis 
method, was used to create spectrogram images. In the STFT 
technique, the signal is partitioned into small parts (segments) 
by implementing the sliding window. The mathematical 
equation of STFT is shown in equation (1). In this equation, 
x[n] represents the signal, w[n] represents a window function, 
ω represents frequency axis, and m represents a discrete-time 
axis. In this situation, m is discrete and ω is continuous, so in 
most practices, STFT is calculated on a computer utilizing Fast 
Fourier Transform (FFT). In this way, these variables become 
discrete and quantized. 

  ( ) ( )    , , j n

n

STFT x n m X m x n w n m e  


−

=−

= = −   (1) 

The squared of the STFT gives the spectrogram 
representation of the Power Spectral Density (PSD) of the 
function. The spectrogram equation can be seen in equation (2). 

 ( ) ( ) 2
,  ,Spectrogram STFT   =   (2) 

STFT parameters selected as a periodic hamming window 
of length 128 and the length of overlap as 120 samples and 
Discrete Fourier Transform (DFT) length as 256 points. Owing 
to FFT based STFT, totally 4200 sEMG spectrogram images 
were created. Examples of spectrogram images of 7 different 
hand gestures can be seen in the last row of Fig. 3. 

D. Deep Learning Architecture 
CNN architecture is based on the system and working 

principle of the visual cortex. It is architected to mimics the 
connection model of neurons inside the brain. The CNN 
includes three kinds of layers which are convolutional, pooling, 
and fully connected. In the CNN, as the layers multiply, the 

network becomes harder to train, and also the accuracy reaches 
saturation and then begins to decrease. Residual learning assists 
to unravel that reducing accuracy problem. Residual learning 
utilizes quickest way linkages as a training technique to straight 
bind input not only to the next adjoining one but also to other 
next layers, for the training of the network. ResNet which is a 
subclass of CNN utilizes residual learning to train models. In 
this study, 50-layers ResNet-50 was used to train spectrogram 
images created from sEMG signals recorded during 7 different 
hand gesture movements. Each ResNet block is either 3 layers 
deep in ResNet-50. Also, in the ResNet-50 model, convolution 
layers as (1x1), (3x3), (1x1) are used. 

III. RESULTS 
In this study, a total of 4200 STFT images were created to 

train the network. These images were reserved by the validation 
split method, 80% (3360 of them) for the training of the network 
and the remaining 20% (840 of them) for testing the trained 
model. STFT images are resized to 64x64x3 dimensions and 
used to feed the ResNet-50 network. There was no change in 
the validation loss in the trained network after the 30th Epoch. 
For this reason, Epoch count was chosen as 40 in order to 
observe whether the training goes to overfitting. The batch sizes 
have selected as 64. Adam algorithm with a learning rate of 
1x10-3 was used to train our network. 

In Fig. 4, validation accuracy against training accuracy 
graphs, validation loss against training loss graphs, confusion 
matrix for test data, and the Receiver Operating Characteristic 
(ROC) curves for the trained model are given. In Fig. 4, 
Extension, Flexion, Open Hand, Punch, Radial Deviation, Rest, 
and Ulnar Deviation are represented as E, F, O, P, R, X, and U, 
respectively. According to the proposed method results, 
training accuracy of 100% and the test accuracy of 99.59% were 
achieved. Training loss was about zero and validation loss was 
0.0311. The areas under the all ROC curves were found as 1, 
F1 Score was calculated as 99.57%, and mean squared error was 
found as 0.042857.
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Fig. 4. Seven different hand gesture classification results for trained ResNet-50 architecture; a) Validation accuracy against training accuracy graphs, b) Validation 

loss against training loss graphs, c) Confusion matrix of test data, d) the ROC curve of each class (E: Extension, F: Flexion, O: Open Hand, P: Punch, R: Radial 
Deviation, X: Rest, and U: Ulnar Deviation). 

IV. CONCLUSION 
In this study, 4-channel sEMG data from the upper limbs 

of 30 participants were collected while simulating 7 different 
hand gestures. The collected sEMG data was divided into 
sections with hand gestures and then created spectrogram 
images via STFT for used to train ResNet-based CNN 
architecture. The proposed CNN based model provided 
higher accuracy even without complex pre-processing and 
feature extraction when compere with the frequently utilized 
traditional methods. Obtained results demonstrated that the 
proposed deep learning method could provide faster 
prediction and higher synchronization capability for 
noninvasive sEMG controlled biomedical systems. 

REFERENCES 
[1] Z.-h. Chen, J.-T. Kim, J. Liang, J. Zhang, and Y.-B. Yuan, "Real-time 

hand gesture recognition using finger segmentation," The Scientific 
World Journal, vol. 2014, 2014. 

[2] K. Serbest and O. Eldoğan, "İskelet kaslarının yapısı ve biyomekaniği," 
Akademik Platform Mühendislik ve Fen Bilimleri Dergisi, vol. 2, no. 3, 
pp. 41-51, 2014. 

[3] K. M. Sagayam and D. J. Hemanth, "Hand posture and gesture 
recognition techniques for virtual reality applications: a survey," 
Virtual Reality, vol. 21, no. 2, pp. 91-107, 2017. 

[4] M. H. Rahman and J. Afrin, "Hand gesture recognition using multiclass 
support vector machine," in International Journal of Computer 

Applications, vol. 74, no. 1): published by Foundation of Computer 
Science, 2013, pp. 39-43. 

[5] A. K. Mukhopadhyay and S. Samui, "An experimental study on upper 
limb position invariant EMG signal classification based on deep neural 
network," Biomedical Signal Processing and Control, vol. 55, p. 
101669, 2020. 

[6] A. R. Asif et al., "Performance Evaluation of Convolutional Neural 
Network for Hand Gesture Recognition Using EMG," Sensors, vol. 20, 
no. 6, p. 1642, 2020. 

[7]  J.-L. Ren, Y.-H. Chien, E.-Y. Chia, L.-C. Fu, and J.-S. Lai, "Deep 
Learning based Motion Prediction for Exoskeleton Robot Control in 
Upper Limb Rehabilitation," in 2019 International Conference on 
Robotics and Automation (ICRA), 2019: IEEE, pp. 5076-5082.  

[8] W. Lu, Z. Tong, and J. Chu, "Dynamic hand gesture recognition with 
leap motion controller," IEEE Signal Processing Letters, vol. 23, no. 9, 
pp. 1188-1192, 2016. 

[9] O. K. Oyedotun and A. Khashman, "Deep learning in vision-based 
static hand gesture recognition," Neural Computing and Applications, 
vol. 28, no. 12, pp. 3941-3951, 2017. 

[10] A. M. Rubio, J. A. A. Grisales, R. Tabares-Soto, S. Orozco-Arias, C. 
F. J. Varón, and J. I. P. Buriticá, "Identification of Hand Movements 
from Electromyographic Signals Using Machine Learning," 2020. 

[11] L. Chen, J. Fu, Y. Wu, H. Li, and B. Zheng, "Hand gesture recognition 
using compact CNN via surface electromyography signals," Sensors, 
vol. 20, no. 3, p. 672, 2020. 

[12]  K. Xing et al., "Hand gesture recognition based on deep learning 
method," in 2018 IEEE Third International Conference on Data 
Science in Cyberspace (DSC), 2018: IEEE, pp. 542-546.  

[13] L. Cohen, Time-frequency analysis. Prentice hall, 1995. 


