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Abstract: This paper presents a method for recognizing sign language gestures corresponding to fruit 
names using electromyography (EMG) signals. The proposed system focuses on classification using 
a limited number of EMG channels, aiming to reduce classification process complexity while 
maintaining high recognition accuracy. The dataset (DS) contains EMG signal data of 46 hearing 
impaired people and descriptions of fruit names, including apple, pear, apricot, nut, cherry, 
raspberry, in sign language (SL). Based on the presented DS, gesture movements were classified 
using 5 different classification algorithms - Random Forest, k-Nearest Neighbors, Logistic 
Regression, Support Vector Machine and Neural Networks, and it was analyzed which algorithm 
gives the best result for gesture movements. The best classification result was obtained during 
recognition of the word cherry based on the RF algorithm, and 97% accuracy was achieved. 

Keywords: electromyography; human-machine interface; gesture; dataset; Biosignalsplux; 
classification algorithms; confusion matrix; classification report 
 

1. Introduction 

According to the World Health Organization (WHO), more than 70 million people are currently 
hearing impaired, and this number is unfortunately increasing. It is estimated that by 2050, the 
number of people with hearing impaired and permanent hearing loss (deaf) could reach 2.5 billion 
[1]. This increase means that more than 700 million people worldwide will need hearing rehabilitation 
[1]. SL is a form of communication that people with hearing loss use to communicate their thoughts, 
feelings, and knowledge through gestures instead of verbal communication. Currently, there are 
negative aspects of the use of SL in the world, including the low level of learning of this language by 
healthy people, the almost complete absence of employees who understand this language in 
government agencies, and the very small number of sign language interpreters. To solve such 
problems, researchers are developing various types of human-machine interfaces (HMI). Recent 
scientific studies show that the use of electromyography in gesture recognition provides significant 
advantages [2–4]. 

EMG is a method of measuring the electrical activity of muscles. Recording EMG signals can be 
done in two ways, invasive and non-invasive [5]. In the invasive method, the EMG signal is obtained 
by inserting an electrode into the muscle. In the non-invasive method, the EMG signal is obtained by 
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placing sEMG (surface electromyography) electrodes on the skin surface. The main advantage of the 
non-invasive EMG method is the ease of placement of the electrodes on the skin. 

Currently, there are many DSs designed for sign language recognition (SLR) using EMG, and 
information about them is presented in Table 1. 

Table 1. DSs for SLR 

Ref. Year Target Sensors Classes Subjects/  
sessions 

Channels/ 
devices 

Classification/ 
Accuracy 

[6] 2015 SL sEMG 26 10/20 8-channel / Myo 
Armband 

Bagged Tree/80% 
SVM/60.85% 

[7] 2020 SL sEMG 30 3/5 
8-channel /   

Delsys Trigno RF/95.48% 

[8] 2020 SL sEMG 26 4/30 3-channel / SS2LB Linear 
Diskriminant/81% 

[9] 2020 SL sEMG 80 4/3 8-channel / Myo 
Armband 

LibSVM/99.48% 

[10] 2020 SL sEMG 20 9/- 
8-channel / Myo 

Armband SVM/ 93% 

[11] 2020 SL sEMG 36 10/- 
8-channel / Myo 

armband RF/78% 

[12] 2018 SL sEMG 20 10/- 8-channel / Myo 
Armband 

Multilayer  
Perceptron/100% 

[13] 2024 SL sEMG 30 10/10 
6-channel /  
Terylene  
Armband 

CNN-
CBAM/92.32% 

Our DS 2025 SL sEMG 6 46/10 4-channel / 
Biosignalsplux 

RF/97% 

Table 1 presents a review of the literature from 2015 to 2024. The studies in this table are analyzed 
based on different numbers of participants, sessions, and devices for detecting sign language from 
sEMG signals. Early studies (e.g., [6] and [12]) widely used 8-channel Myo Armband sEMG devices, 
involving relatively more subjects (10) and sessions (10), which varied in classification accuracy 
between 80% and 100%. By 2020, research has expanded and experiments with different devices (e.g., 
Delsys Trigno [7] and SS2LB [8]) have been conducted, and these methods have helped to achieve 
high (81% and 95.48%) accuracies based on different classifiers such as RF and Linear Discriminant. 
Recent studies (e.g. [13] and Our DS) have been based on new devices (Terylene and Biosignalsplux) 
and modern classification algorithms (CNN-CBAM and RF), and although they have a relatively 
small number of channels (4 and 6 channels), they have achieved high accuracy (92.32% and 97%). 
[13] The classifier in the literature with a result of 92.32% showed a lower result than the model we 
present. This is due to the fact that in our study there are a large number of participants and a small 
number of channels. This shows that the technological development of sensors placed on the muscles 
and the optimization of the number of channels give good results. 

In this study, 6 sign words (fruit names: apple, pear, apricot, nut, cherry, raspberry) were 
recorded from 46 participants using a 4-channel device for 3 weeks, each action 10 times. 

The general scheme for organizing DS and classification is presented in Figure 1. This process is 
organized step-by-step, first a data set is formed. In the next stage, the raw signals are cleaned of 
various noises through pre-processing and the necessary filtering operations are performed. After 
that, features are extracted. In the final stage, each sign action is assigned to the appropriate class 
using classification algorithms. 
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 MAV
 WL
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 IEMG
 RMS

window

filtr (Band-pass)

 
Figure 1. The process of collecting and classifying EMG signals. 

2. Data Collection Organization 

2.1. Device 

Special tests were conducted to organize the DS. During the experiments, it was adjusted taking 
into account the characteristics of hand movements of people with hearing impairments. 

A 4-channel biosignalsplux EMG device developed by PLUX Wireless Biosignals (Portugal, 
PLUX Wireless Biosignals S.A.) was used to record the EMG signal (Figure 2). The signal was 
recorded at a frequency of 1000 Hz. The data were recorded non-invasively, by placing electrodes on 
the skin.  

A 200 ms sequential window was used to control the incoming signals. A band-pass filter was 
used to clean the EMG signals from various noises and artifacts. 

 

Figure 2. 4-channel biosignalsplux device. 

Electrodes were used to record the signal and were placed in the innervation zones of the 
muscles by the nervous system (Figure 3). 

The electrodes of the 4-channel Biosignalsplux EMG device were placed on the brachio radialis, 
flexor carpi radialis, extensor carpi ulnaris, and flexor carpi ulnaris muscles of the right hand, which 
are most active during gesture movements (Figure 3, a, b). 
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Figure 3. Electrode placement: a – anterior, b – posterior. 

2.2. DS Structure 

The study involved the recognition of gestural actions for the names of 6 fruits, including apple, 
pear, apricot, nut, cherry, and raspberry (Figure 4). 

Each subject repeated the gestural actions 10 times. Each session was conducted once for 1 week. 
30 sessions were conducted over 3 weeks. The size of the DS is as follows: 

30 (repetition) × 6 (class number) × 46 (subjects) = 8280 

 
Figure 4. Gestures used in the experiment (a - apple, b - pear, c - apricot, d - nut, e - cherry, f - raspberry). 

The participants for the experiment were senior students of the “Karshi city specialized boarding 
school No. 17 for disabled children with special educational needs” (Uzbekistan). EMG signals were 
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obtained with the consent of the subjects participating in the study. The experiment was conducted 
on 46 students, including 18 girls and 28 boys. 

3. Feature Extraction and Classification 

This section describes in detail the steps involved in generating a feature vector for detecting 
and classifying various sign language gestures using EMG signals. Experiments were also conducted 
using several modern and efficient classification algorithms that allow for automatic gesture 
discrimination based on these feature vectors, and the results were analyzed. 

3.1. Signal Amplitude 

EMG signals are characterized by a high level of variability. This variability is caused by several 
factors: the electrical resistance of the human skin surface, the technical quality of the electrodes used, 
and physiological and technical factors such as the anatomical location of the muscle tendons and 
their innervation zones significantly affect the stability of these signals [20]. 

In modern scientific research, various pre-processing steps are being implemented in order to 
reduce such discrepancies, including signal filtering, segmentation, and signal amplitude 
normalization. 

In this study, the amplitude values of the EMG signal in the resting state were used as a basis 
and were evaluated using the signal-to-noise ratio (SNR). This approach allows for direct comparison 
of signals before and during movement. This plays an important role in the process of accurately 
distinguishing and classifying different movements of sign language. 

The SNR formula is expressed as follows: 𝑆𝑁𝑅 = 20 ∗ log ൬𝑃௚௘௦௧௨௥௘ 𝑃௜ௗ௟௘ ൰ 

Here, Pgesture is the average signal strength during active movement, and Pidle is the average signal 
strength during idle state. 

The SNR results calculated based on the average values of the signal amplitudes in the 4 selected 
EMG channels for each gesture movement are shown in Figure 5. The analysis results showed that 
some gestures showed significantly stronger electromyographic activity than others. In particular, 
the Cherry class had the highest SNR, averaging 15 dB. This indicates that the muscle activity during 
the gesture was strong. The Nut class also showed a high electromyographic response, coming in 
second with an average SNR of 13 dB. 

 

Figure 5. SNR analysis of gesture movements. 
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The Apple and Raspberry classes showed values of 10 dB and 8 dB, respectively, indicating that 
their muscle activity level was moderate. 

However, the SNR value was significantly lower for some gestures. For example, the Pear class 
showed an average SNR of 7 dB, while the Apricot class recorded the lowest value of 5 dB. This 
indicates that the signal-to noise ratio of EMG signals during these gestures was low and muscle 
activity was relatively weak. 

3.2. Feature Extraction 

The proposed DS has its own unique features, which distinguish it from other existing EMG 
collections by several important parameters. In particular, the large number of subjects performing 
gestures in this collection, the repetition of each gesture movement several times, and the fact that 
the EMG signals are obtained from hearing-impaired people communicating in SL increase the 
reliability and analytical accuracy of the data. Therefore, this DS serves as an important source for 
extracting continuous electromyographic features characteristic of gestures and their effective 
classification []. 

Many scientific studies have been conducted on the detection and classification of movements 
or gestures using electromyographic signals. In this work, we use the following feature indicators, 
which have been proven effective in previous experiments [14]: SSI (Simple Square Integral), ACC 
(Average Conditional Complexity), IEMG (Integrated EMG), WL (Waveform Length), RMS (Root 
Mean Square) and MAV (Mean Absolute Value). 

These features, in addition to expressing the statistical aspects of the signal over time, also reflect 
its amplitude, frequency and complexity characteristics. In previous scientific studies, the 
classification results based on these parameters showed an accuracy of up to 99% [14]. However, 
these high results are mainly due to the small number of movements (only 3 gestures) and the limited 
number of subjects (20). 

3.3. Classification 

In this study, five classification algorithms—Random Forest (RF), k-Nearest Neighbors (k-NN), 
Logistic Regression (LR), Support Vector Machine (SVM), and Neural Networks (NN)—were used 
to classify SL-related actions. These methods are known for their ability to effectively handle features 
with different structures and to provide robust classification results [15–19]. 

Confusion matrix and classification report are tools for evaluating classifiers for classification 
models [21]. They provide a visual representation of the evaluation of a classification algorithm. The 
confusion matrix and classification report of the kNN model used in the study are shown in Figure 
6. 

a) b)

 
Figure 6. a) confusion matrix, b) classification report. 
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The classification accuracy was calculated separately for each gesture class, and based on these 
results, a generalized assessment was made based on their statistical weights. 

The experimental tests showed that based on the selected feature set, all classifiers — RF, LR, 
SVM, NN, and kNN algorithms — demonstrated high performance in classifying gestures. However, 
the accuracy level for each gesture movement was different, and some differences were observed 
between these algorithms (Figure 7). 

 

Figure 7. Classification results. 

4. Discussion 

The number of device channels is important in the process of recording EMG signals. In most 
studies, an 8-channel Myo Armband was used. However, due to the large number of channels in this 
device, calculations during the processing of signals coming from them are difficult. This leads to an 
increase in the amount of time when working in real-time mode. 

In this study, DS was established using a 4-channel biosignalsplux device and high results were 
achieved. 

As can be seen from the results of the study, the highest accuracy was observed in the Cherry 
class, which achieved 97% accuracy in the RF algorithm, and 93% and 96% in the NN and kNN 
algorithms, respectively. 

The Nut class also had high accuracy, with RF and kNN algorithms classifying it with 96.8% and 
96% accuracy, respectively. On the contrary, the lowest classification accuracy was observed for the 
Apricot class. The LR algorithm for this gesture achieved 82% accuracy, while other models also 
achieved relatively low results: 85% (SVM), 87% (NN), 92% (kNN), and 93% (RF). The reason for the 
low classification results for the Apricot class is that the Confusion matrix in Figure 6 shows that the 
EMG signal values recorded when this class was executed have some similarities to the EMG signal 
values recorded when the Nut, Pear, and Raspberry classes were executed. 

Overall, these results indicate that the level of complexity and the differences in 
electromyographic responses between gestures have a significant impact on the results of the 
classifiers. 

5. Conclusions 

The article presents the recognition of 6 fruit names in SL using EMG signals. A total of 46 
hearing-impaired participants participated in the DS collection process. An analysis of previous work 
in the field of gesture recognition was performed. The analysis revealed that the location of the 
electrodes, the number of participants and sessions during the DS collection process, and the number 
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of gesture movements affect the classification accuracy. At the same time, the study achieved a high 
recognition rate using a small number of channels (4 channels), unlike other studies. 

The reduction in the number of channels reduces the signal processing time, reduces the 
computational load, and allows for stable operation in real-time classification systems. 

The signal-to-noise ratio analysis of the gesture movements performed in the study was 
performed. As a result of this analysis, the highest indicators were shown by the cherry and walnut 
classes, 15 dB and 13 dB, respectively. The lowest was 5 dB due to the low activity of the selected 
muscles during the execution of the apricot gesture. At the same time, the EMG signals were filtered 
to remove various noise and artifacts. In the next stage, the SSI, ACC, IEMG, WL, RMS, and MAV 
features of the EMG signal were selected and DS was created using these features. RF, LR, SVM, NN, 
and kNN classification algorithms were used to recognize the 6 gesture movements, and they gave 
an accuracy ranging from 84% to 97%. Of these, the RF algorithm showed the highest result with an 
accuracy of 97%. Although these results are lower than those in other studies, this created DS can be 
used in other studies to detect gesture movements or in HMI systems. 
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