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Abstract
Improving the efficiency of communication of deaf and hard of hearing people by processing sign language using 
artificial intelligence is an important task both socially and technologically. One of the ways to solve this problem is 
a fairly cheap and accessible marker method. The method is based on the registration of electromyographic (EMG) 
muscle signals using bracelets worn on the arm. To improve the quality of recognition of gestures recorded by the marker 
method, a modification of the marker method is proposed — duplication of EMG sensors in combination with a low-
frame machine learning approach. We experimentally study the possibilities of improving the quality of processing of 
sign language by duplicating EMG sensors as well as by reducing the volume of the dataset required for training machine 
learning tools. In the latter case, we compare several technologies of the few-shot approach. Our experiments show that 
training with few-shot neural nets on 56k samples we can achieve better results than training on random forest with 160k 
samples. The use of a minimum number of sensors in combination with few-shot signal processing techniques provides 
the possibility of organizing quick and cost-effective interaction with people with hearing and speech disabilities.
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Аннотация
Предмет исследования. Повышение эффективности коммуникации глухих и слабослышащих людей 
путем обработки жестового языка средствами искусственного интеллекта – важная задача в социальном и в 
технологическом планах. Одним из направлений решения этой проблемы является применение достаточно 
дешевого и доступного маркерного метода. Метод. Метод основан на регистрации электромиографических 
сигналов мышц, регистрируемых с помощью браслета, надеваемого на руку. Для повышения качества 
распознавания жестов применяется модификация маркерного метода, сущность которого состоит в дублировании 
датчиков электромиографических сигналов в сочетании с малокадровым подходом машинного обучения. 
Основные результаты. Экспериментально изучены возможности повышения качества обработки жестового 
языка за счет дублирования электромиографических датчиков и уменьшения набора данных, необходимого 
для машинного обучения. Выполнено сравнение нескольких технологий малокадрового подхода. Показано, 
что при обучении малокадровых нейронных сетей на наборе данных объемом 56 000 образцов можно 
достичь лучших результатов, чем при обучении классификатора типа «случайный лес» на наборе данных 
объемом 160 000 образцов. Практическая значимость. Использование минимального количества датчиков 
электромиографических сигналов в сочетании с малокадровыми методами их обработки обеспечивает 
возможность организации быстрого и экономичного взаимодействия с людьми с нарушениями слуха и речи.
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Introduction 

According to the World Health Organization, practically 
or completely deaf and dumb people make up more than 
5 % of the world’s population. Improving communication 
efficiency with people with hearing and speech disabilities 
is one of the most important goals of real-world applications 
of Intelligent Techniques (IT) and Artificial intelligence 
(AI). This problem becomes especially important in the 
context of medical care for patients with hearing and 
speech disabilities, when medical personnel needs to obtain 
the most prompt and accurate information about the status 
of a potentially infected or already ill person.

The main means of communication for the deaf and 
hearing-impaired people is Sign Language (SL), which, 
apparently, most medical personnel do not know. Therefore, 
there is a great need for the development and widespread 
introduction into medical practice of IT tools for SL 
processing, that is, computer SL interpretation systems 
that convert a sequence of gestures (sign speech) into text 
in a spoken language.

There are two ways to recognize gestures using 
technical means: markerless and marker [1–3]. Markerless 
methods use video cameras and infrared transmitters that 
allow tracking movements, with subsequent processing of 
the video stream. Marker methods use sensors recording 
the electromyographic (EMG) signals of muscles which 
correspond to the performance of certain gestures. These 
are either special gloves or devices on the wrists, such as 
bracelets. The marker method is fundamentally simpler 
than markerless one, and for reasons of user friendliness 

and affordability, they have taken a leading position in the 
market in recent years [4–6]. A typical scenario for using 
the marker method for medical needs is as follows. The 
patient (a native speaker of SL) puts a specialized bracelet 
[7] on his forearm and spells the words in his usual way; 
each gesture is classified by means of AI. The resulting 
sequential set of tokens is converted into text using NLP 
and then displayed on the screen of the doctor’s mobile 
phone or converted into audio speech.

However, in real practice, the execution of this scenario 
encounters a number of difficulties. First, the EMG signal 
corresponding to the same gesture depends significantly 
on the individual characteristics of the person’s forearm, 
such as the presence of fatty tissue, sweat and hair, as well 
as on the position of the sensor on it [8]. Second, SL is 
context sensitive, i.e., the result of token recognition and 
their interpretation will depend on the nationality of the 
speaker, on the communication situation, etc. As a result, 
when processing SL by means of AI, there are uncertainties 
arising both at the stage of signal pickup and at the stage 
of converting a sequence of tokens into a coherent text. 
It significantly reduces the efficiency of SL processing or 
even makes it impossible, which is especially important for 
organizing full-fledged communication in the provision of 
emergency medical care.

Our contribution to the solution of this problem is 
twofold. We experimentally study the possibilities of 
improving the quality of processing of SL by duplicating 
EMG sensors, as well as by reducing the volume of the 
dataset required for training AI tools. In the latter case, we 
compare several technologies of the few-shot approach [9] .
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Background and Related Works 

The problem of increasing robustness in the marker-
based SL processing is constantly in the field of view 
of researchers. In recent years, various approaches have 
been proposed for this purpose, including ensemble neural 
network learning [10], multiple-agent voting [11], bilinear 
models [12], spectral decomposition and common modes 
analysis [13], back propagation neural networks [14], 
building of fuzzy matrix model [15], and support vector 
machines [8]. In general, the listed approaches rely heavily 
on the availability of a large amount of training data.

A number of studies focus on working with small input 
data. In these cases, it is suggested to use information 
fusion based on convolutional neural networks [16], 
transfer learning [17], and data augmentation schemes 
[18]. But, as mentioned in the review [19], the robustness 
of marker-based SL processing remains underexplored. In 
this regard, the few-shot learning approach as a variant of 
domain adaptation with the goal of inferring the required 
output based on just one or a few training examples should 
be highlighted. For example, the work [20] shows that the 
few-shot learning approach quickly generalizes after seeing 
very few examples from each class. Namely, for 5 classes 
sampled from whole set of labels and 5 examples extracted 
sampled from each of those 5 classes, the classification 
accuracy of 73–86 % was obtained depending on a specific 
problem statement.

There are two main approaches to fulfill few-shot 
learning — optimization-based and metric-based. The first 
approach [21, 22] uses gradient descent-based methods 
as the optimization process in the meta-learning, sharing 
knowledge across all tasks. Metric-based methods [23, 24] 
classify samples based on the distance between them; they 
require less computing resources compared to optimization-
based. In general, though the few-shot methods are claimed 
for the classification of datasets containing a small number 
of examples in each class, their high accuracy is achieved 
only on large datasets such as American SL [25], and it 
drops sharply with a decrease in the size of the dataset 
(74.7 % for Flemish SL corpus [26] and even less, up to 
48.6 % [27]).

The influence of the sensors position and configuration 
on the EMG signal is stated in a number of works [8, 
28–30]. For example, placing sensors on the flexor carpi 
radialis, flexor carpi ulnaris, extensor digitorum communis 
and extensor carpi ulnaris significantly (several times) 
changes the amplitude of the EMG signal as well as its 
shape for the same gesture [30]. According to [28], the 
sensor position on the flexor carpi ulnaris muscle has a 
critical contribution to the authentication performance 
of the EMG signal. Obviously, in the conditions of real 
medical practice, it is not possible to position the sensors 
on the patient’s arm, taking into account the location of 
specific muscles. In this regard, it is proposed to use a set 
of sensors covering the entire arm of the patient to a certain 
extent and to process the averaged signal. The work [31] 
even proposes a distributed signal pickup using a sensitive 
sleeve. Much more technological and economical is the 
simultaneous use of several widespread sensors such as 
[7]. However, the study of the influence of the number of 

sensors on the efficiency of processing SL by the marker 
method has not been presented in the literature.

Thus, the task of the article is to compare the 
effectiveness of SL processing methods depending 
on the amount of data available (few-shot method vs. 
traditional random forest method) and on the number of 
simultaneously used EMG sensors. 

Materials and Methods

Traditional few-shot learning techniques fulfill 
classification within a subset of classes named episode 
(usually of 2–10 classes in each episode). In the case of 
SL processing, one needs on-line classification within the 
entire alphabet of gestures. To eliminate this contradiction, 
we have proposed a modification of the few-shot method 
presented in Fig. 1.

To make few-shot learning model applicable to the 
given task, we propose a range of modifications, our 
contribution is three fold.
1) Standard approach to teaching where we have access to 

training examples and information about to which class 
each sample belongs to. We propose a new distance 
based training pipeline by few-shot architecture with 
an output dimension equal to the number of classes. 
During each training step our method learns to output 
probability for each class in dataset.

2) (top image) Traditional few-shot learning used when 
there are a large number of classes and a small number 
of examples within each class. The dataset is divided 
into episodes, consisting of examples (train) shots and 
queries (test) shots. Based on examples, the model 
“remembers” how each class looks like and, when 
receiving some queries (test) shots, it is able to carry 
out a classification. The task of the few shot learning 
model in this setting is to learn to distinguish different 
classes by building separable representation of each 
class in episode and compare test examples with built 
representation. Formally, we have function, fφ, with 
learnable parameters φ and some squared Euclidean 
distance d between outputs of this function:

 fφ: ℝD → ℝM.

ℝD is the D-dimensional feature vector, ℝM is 
M-dimensional representation vector. Our neural 
networks produce a distribution over classes, pφ, for 
an inputs sample x based on a Softmax function over 
distances between representations, built for each class:

 pφ(y = k|x) = 

ck corresponds to a prototype of a class k, similarly.
In our experiment, we have selected computationally 

inexpensive metric-based models, presented in the 
Background and Related Works section, being the most 
common in the field, namely, Matching Networks [32] 
and Prototypical Networks [24]. We used a typical 
implementation of the random forest classifier from the 
sсikit-learn1 package, all parameters are set by default.
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For investigations, we used a putEMG dataset [33] 
containing the EMG signal records of the corresponding 
hand gesture. The dataset includes records of 8 basic 
gestures performed by 44 volunteers. The total size of the 
dataset was 160,000 rows with a fairly even distribution 
across classes (Fig. 2).

To take the data, 3 Myo Thalmic bracelets [7] were 
used which were sequentially attached to the arm: the first 
one was approximately 1/4 of the forearm length from 
the elbow, each with a shift of approximately 1/5 of the 
forearm length. For our experiments, we used data from 
30 volunteers and formed the following sub-datasets from 
them: 3 datasets containing data from each bracelet (1, 2, 

and 3); 3 datasets containing data for pairs of bracelets 
(1 and 2, 2 and 3, 1 and 3); 1 dataset containing data for 
all three bracelets. Each of the constructed sub-datasets 
was grouped into 7 classes into new datasets, from which 
400 rows were taken. As a result, each of the 7 classes 
contains 30 instances of 400 rows each, of which data for 
20 volunteers were used to create a sup-porting set, and the 
remaining 10 were used to create queries.

Results

The results of the experiment are presented in the 
Fig. 3. The Fig. 3, a, b use notation typical for few-shot 
methods, namely: ‘k-way’ is the number of classes; ‘n-shot’ 
is the number of samples elicited from each class; and Q 
is the number of examples per class. In all figures, as an 
y axis value, we use a measure of the effectiveness of the 
classification of gestures CA (categorical efficiency), i.e., 
the frequency of the correct class definition, indicated, 
respectively, for each bracelet or their combination (e.g., 
CA1 stands for categorical efficiency acquired using only 
the first bracelet, CA12 stands for categorical efficiency 
acquired using the first and the second one, and so forth). 
Fig. 3, с shows the value of accuracy (y axis) obtained by 
a Random Forest classifier at the optimal number of splits.

Discussion

To compare achieved results, it is better to use Fig. 3, 
since they offer a visual approach. First of all, we should 

Fig. 1. Different approaches to model training

Fig. 2. Distribution of dataset elements by classes
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Fig. 3. ProtoNets results (a); Matching Networks results (b); Random Forest results (c).
k-way is the number of classes; n-shot is the number of samples elicited from each class; Q is the number of examples per class
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notice that using the few-shots methods resulted in a better 
ability to distinguish samples in comparison to the random 
forest algorithm, see Fig. 3, с. Secondly, we found out that 
the difference between various combinations of bracelets 
does not have the significant impact on the result of a 
classification. We were not able to establish any kind of 
correlation between used bracelet (or their combinations) 
and the calculated metric. Considering those two facts, 
we concluded that it is more suitable to use the few-shot 
approach and that there is no major impact on a result 
depending on used bracelets.

Conclusion

In our paper, we explored various scenarios for model 
training. We tested the range of few-shot models, with 
different settings for few datasets and their combinations. 
We carried out the grid search over the hyper-parameters 
of a few-shot model for dataset; we adjusted the different 
values of LR and the optimizer: n-shot, k-way, q-queries. 
Results are presented in Fig. 3, a, b. Our results show that 
training with few-shot neural nets on 56k samples we can 
achieve better results than training on random forest with 
160k samples, see Fig. 3, с.

Our results show that increasing the number of features 
via combining different datasets does not significantly 
increase the accuracy of the model. In our opinion, this 
behavior is primarily associated with an increase in the 
dataset noise after the dataset combination. The noisiness of 
the data is often the cause of difficulties in predictions using 
neural networks. The lack of strong patterns in the data 
obtained from the different band also affects the accuracy 
of neural networks.

Finally, combining datasets increase the dimension of 
the input data. For a single dataset, the sample size is (8, 20, 
20), which equals to 3200 features characterizing a certain 
action. In the case of combining datasets the sample size 
is (24, 20, and 20), the number of features is 9600, this 
makes model training more complicated and requires using 
complex deep learning techniques. Using deep models has 
its draw-backs in speed of inference, slowing down the 
inference can affect the quality of the tool application in 
real-time cases.

Thus, the use of a minimum number of sensors in 
combination with few-shot signal processing techniques 
provides the possibility of organizing quick and cost-
effective interaction with people with hearing and speech 
disabilities.
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