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MACHINE LEARNING MODEL FOR RECOGNITION OF UKRAINIAN  
SIGN LANGUAGE HAND CONFIGURATIONS

Background. Sign language recognition using Artificial Intelligence (AI) is a relevant and still unsolved 
problem. For Ukrainian Sign Language (USL), the task is complicated by a lack of publicly available data-
sets. Consequently, researchers operating under data-constrained conditions should apply additional fea-
tures to improve model accuracy. Hand configuration is a fundamental characteristic of lexical units in any 
sign language. There are 40 configurations in USL. The ability to accurately identify configuration would 
provide relevant features for AI-based sign language recognition systems.

Objective. The paper aims to develop a machine learning model capable of frame-by-frame recognition 
of USL hand configurations on a video stream with an accuracy of at least 95 % on the test set and an 
average inference time not exceeding 70 ms.

Methods. As input data for the USL hand configurations recognition models, a system of mathematical 
indicators, calculated from the keypoints coordinates, extracted via the MediaPipe pose estimation system, 
was proposed. The training dataset was created from camera images of USL hand configurations performed by 
middle-aged subjects. Following keypoint extraction through MediaPipe, the corresponding vectors of math-
ematical indicators were computed. Various architectures of random forest and perceptron were evaluated.

Results. The highest performance was achieved by the perceptron with two hidden layers of 300 neu-
rons each, which takes the vector of proposed mathematical indicators as input. The model reached an 
accuracy of 98.18 % on the test set. During testing on a video stream, it identified without error 32 out 
of 40 USL configurations, and with only sporadic deviations. The average inference latency was 46 ms. 
Notably, a perceptron of identical architecture trained on raw MediaPipe keypoint coordinates exhibited 
lower accuracy on a video stream. Furthermore, the proposed indicators improved the random forest model 
performance, confirming their universality.

Conclusions. The optimal model among the considered architectures was a perceptron with two 
hidden layers of 300 neurons each, which takes the vector of proposed mathematical indicators as input. 
It identifies in real-time USL hand configurations, achieving an accuracy of 98.18 % on the test set. In 
experiments based on the proposed expert assessment criterion on the video stream, it correctly identified 
35 % more configurations (80 % vs. 45 %), compared to the model based on raw keypoint coordinates. 
Therefore, implementing additional verification based on expert assessment in addition to the standard 
accuracy metric on the test data is effective. The presented architecture is the first artificial intelli-
gence-based model for the USL hand configuration recognition. Future research will focus on integrating 
this network into a system for isolated recognition of USL.
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Introduction

There are more than 300 sign languages world-
wide, used by over 72 million deaf people [1]. Sign 
language was the native language for approximately 
230,000 Ukrainians in 2025 [2]. Moreover, during 
the full-scale war, the number of hearing-impaired 
individuals has increased as a result of sustained in-
juries, some of whom will begin to use sign language. 
These people face daily difficulties in communicating 
with the hearing population. Given the lack of pro-
fessional interpreters in Ukraine, the development of 
an AI system for USL recognition seems a promising 
solution.

The ultimate goal of the sign language recognition 
is to develop an AI-based system that enables a person 
to record a message in sign language on video and get 
as output a translation into a spoken language. Such 
projects have already been implemented in other 
countries:

• SignGPT – the large language model deve
lopment for British Sign Language. It is expected 
to translate sign language into spoken language and 
vice versa (via video generation) [3];

• SignGemma – a Google model for translating 
American Sign Language (ASL) into text [4];

• SLAIT – developed a lightweight model that 
classifies 343 ASL signs with 92% accuracy [5];

• KinTrans – a system that converts sign lan-
guage into text/voice messages and vice versa, pre-
sented at Expo 2020 Dubai for Arabic and English. 
Other sign language support is planned [6];

• Google organised two competitions on the 
Kaggle platform focused on recognising fingerspel
ling and isolated ASL signs in video, with a total 
prize pool of 300,000 USD. The presented models 
achieved an accuracy that exceeded 80 % [7].

The field of AI-based USL recognition re-
mains underdeveloped. Consequently, the resear
chers should apply additional features to improve 
the model’s accuracy. Every sign is defined by hand 
configuration, hand motion, and spatial positio
ning. Different signs can be expressed with the same 
configuration by varying motion and spatial posi-
tion. For example, a fist can represent the words 
“victory” or “grandmother” depending on hand 
movement. USL comprises 40 distinct hand con-
figurations [8]. Determining configuration, spatial 
position, and motion trajectory makes a complete 
set of features necessary to identify sign from a lin-
guistic point of view.

Thus, hand configurations are promising fea-
tures for improving sign language recognition mod-
els’ accuracy. The objective of this study is USL hand 

configurations recognition on video frames captured by 
a camera using machine learning models.

Problem statement

The problem of frame-by-frame recognition 
of 40 USL hand configurations on video stream 
is considered. The aim is to develop a machine 
learning model which recognises configurations on 
static images with high accuracy and computational 
efficiency using keypoints obtained by a pose esti-
mation system.

A system approach

A system approach to solving the problem of 
frame-by-frame recognition of 40 USL hand confi
gurations is proposed. It is grounded on mathemati-
cal formalization and advances in data science.

Given. N hand configuration classes. The trai
ning dataset is

	 ( , ), 1, ,i i sX y i N=                    (1)

where 3k
iX ×∈ � – sample, on which hand confi

guration is demonstrated, represented as a vector of 
three-dimensional coordinates of k hand keypoints 
obtained via pose estimation technology (in this 
study, MediaPipe is employed, which outputs k = 21 
keypoints based on hand image); {1,..., }iy N∈  – the 
configuration label, in this study, from 1 to 40 [8]; 
Ns – training dataset size. In general case Xi (1) can 
be not only a keypoint vector but also an image of 
the hand.

Objective. To develop a machine learning model
3: {1, , },kf N× →                   (2)

that maps elements from the multidimensional fea-
ture space to the set of configurations. Accuracy 
must be at least 95 % on the test set, and the average 
inference time must not exceed 70 ms. It should be 
noted that model (2) is trained on static samples 
Xi (1), however, its task is to recognise hand shape

3k
iX ×∈ � on video stream, which will produce a

sequence 1 2{( , ),( , ),..., ( , )}i i i i iT iX y X y X y . The sam-
ples Xij will differ due to variations in hand posi-
tion, tilt, and distance from the camera for a fixed 
yi. Therefore, the model’s (2) generalisation ability 
should be validated not only on test set of static 
samples but also on real-time video. For this reason, 
an additional evaluation criterion was proposed. 

Evaluation criteria. The generalisation ability of 
the model will be assessed using two criteria. The first 
criterion is the standard evaluation of the machine 
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learning model’s accuracy on the test set, calculated 
using the formula

,trueNy
N

=                       (3)

where Ntrue – number of correctly classified samples 
in test set; N – total number of samples in test set.

As a second criterion, an expert assessment of 
the model’s ability to classify configurations on a 
video stream is proposed. The procedure is as fol-
lows:

1. For each configuration, the corresponding 
hand shape is demonstrated on camera in real time, 
while varying the hand position, tilt, distance from 
the camera, and hand shape versions (if exist).

2. The researcher records the model’s output 
during the demonstration, comparing instances of 
correct and incorrect classification, and assigns each 
configuration to one of the following cases:

• “+” – correct configuration classification for 
any hand position;

• “+–” – generally correct classification with 
errors in certain cases;

• “–” – incorrect classification, indicating an 
unsatisfactory result.

3. A vector is calculated

[ , , ],resr n n n+ + − −=


                  (4)

where n+, n+–, n– – number of configurations as-
signed to the cases “+”, “+–”, “–” respectively.

4. Vector resr


 measures the model’s generalisa-
tion ability.

In further studies, the hand shapes recognised 
from the video stream will serve as input data for 
more general isolated sign language recognition 
model.

Related work

The use of configurations as additional features 
in AI-based sign language recognition models is an 

active area of research. The operating principle of 
such approach is illustrated in Fig. 1. Model 1 per-
forms hand shape recognition on each frame of the 
video, and the resulting configuration sequence is 
provided as a feature synchronously with the video 
to Model 2 for sign language recognition. Depen
ding on the task formulation, Model 2 may perform 
recognition of a single sign in a video, sign sequence, 
or translation into spoken-language text.

This approach was first applied in 2017 to the 
RWTH-PHOENIX-Weather-2014 dataset (Ger-
man): a neural network, trained to recognise hand 
shapes, generated sequences of embeddings from 
video, which were input to the sign language reco
gnition model. The configuration recognition mo
del was trained on Danish, New Zealand, and Ger-
man sign language datasets, which included a total 
of over 1 million labelled images covering 60 hand 
shapes [9]. Results were further improved by adding 
a lip-shape recognition model, achieving a Word 
Error Rate (WER) of 26 % [10]. Subsequent models 
reached a WER of 21.8 % [11]. A similar example 
has been reported for ASL [12]. There is another 
known case of a configuration recognition model: 
graph neural network achieved 46 % accuracy in 
classifying 37 ASL hand shapes [13]. A random fo
rest model has successfully identified Turkish Sign 
Language configurations [14].

Researchers categorise the sign language reco
gnition task into several subproblems:

• Isolated Sign Language Recognition, ISLR;
• Continuous Sign Language Recognition, 

CSLR;
• Sign Language Translation, SLT.
ISLR – the task of classification of videos con-

taining a single sign. Solving this problem is insuf-
ficient for developing a translator, as in real-world 
scenarios, a model takes as input sequence of signs.

In CSLR, the input is a video with a sequence 
of signs {y1,..., ym} that must be recognised. Tem-

СИСТЕМНИЙ АНАЛІЗ ТА НАУКА ПРО ДАНІ

Fig. 1. Operating principle of the sign language recognition system using configurations as features. Made by authors
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poral boundaries corresponding to each yi are un-
known. The components yi are referred to as glosses. 
Neural networks solving this task have Connectio
nist Temporal Classification (CTC) loss function, 
which compares ground-truth and predicted se-
quences. Pretraining a CSLR model on ISLR task 
can improve its performance [15, 16]. It is possible 
to transit directly from ISLR to CSLR by combining 
segmentation and isolated recognition: segmentation 
divides the video into individual signs, which are 
then fed into the recognition model [17, 18]. The 
output of CSLR is a gloss sequence, which is not 
equal to translation: it lacks grammatical inflections, 
sign language grammar is different from that of spo-
ken language. To achieve translation, large language 
models, linguistic rules, etc., need to be applied [19].

SLT is a translation of a video with signs se-
quence into spoken-language text. While the pre-
ceding tasks fall primarily within the computer vi-
sion domain, SLT involves machine translation. The 
data requirements are more stringent, as words must 
occur across diverse contexts. Model performance is 
evaluated via standard machine translation metrics 
such as BLEU, ROUGE, and METEOR. The neu-
ral network architectures for SLT are not fundamen-
tally different from networks for CSLR.

So far there exist only a limited number of 
datasets available for CSLR and SLT due to the 
complexity of annotation. The most well-known of 
them are RWTH-PHOENIX-Weather-2014T and 
CSL-Daily (Chinese), which became benchmarks 
for comparing the models [20, 21]. No datasets 
for isolated recognition, continuous recognition, or 
translation of USL are publicly available.

The input data for the models can include 
RGB-video, depth camera video, optical flow, body 
keypoints coordinates (hands, torso, face) obtained 
by a motion capture system that utilizes sensors or AI 
models. RGB-videos have the highest dimensionality,  
requiring complex architectures and large datasets [22].

USL recognition has been studied by Yu.V. Krak. 
Fingerspelling recognition using statistical methods 
and AI has been implemented [23]. There are cases 
of USL alphabet recognition on isolated videos via 
long short-term memory network (LSTM) [24]. A 
neural network achieving isolated recognition of 38 
static USL signs with 85 % accuracy was developed 
[25]. A generalised methodology for USL analysis on 
video using neural networks was proposed in [26]

Hand configuration recognition models

The developed model has to satisfy high com-
putational efficiency requirements to enable re-

al-time operation. For USL configurations recogni-
tion on video frames, random forest and multilayer 
perceptron models were chosen.

1. Random forest. An ensemble machine lear
ning model consisting of decision trees, trained using 
bagging or, more rarely, pasting methods. Each tree 
produces an independent prediction, the result is 
obtained through aggregation. In this study, a classi-
fication task is considered; therefore, the prediction 
will be the class that received the majority vote from 
the trees. The advantages of the model are robust-
ness to overfitting, the ability to handle discrete and 
continuous features, and the absence of priori as-
sumptions about the data [27].

Decision trees are machine learning models that 
constitute the base learners of a random forest. They 
are constructed by recursively splitting the dataset 
into two subsets according to a threshold value of a 
selected feature. The process continues until further 
reduction of a homogeneity criterion is impossible, 
maximum tree depth is reached, or due to other stop-
ping criteria. As a result, samples of a single class 
are isolated. In this study, random forest from scikit-
learn library, which utilizes bagging, is chosen [27].

2. Multilayer perceptron. Feedforward neural 
network capable of modelling complex nonlinear 
relationships. Its architecture consists of a sequence 
of fully connected layers, each performing a linear 
transformation followed by an activation function to 
introduce nonlinearity. The first and last layers are 
referred to as the input and output layers, respec-
tively, the intermediate layers are called hidden. The 
mathematical transformations between layers are 
described by equation (5), and illustrated in Fig. 2,

1
1

1
( ), 1, ,

kN
k k k k k
i ij j i k

j
x f x b i Nω+

+
=

= + =∑         (5)

where ,k k
ij ibω  – weights of k-th layer linear transfor-

mation; f k – k-th layer activation function; k
jx  – 

Fig. 2. Multilayer perceptron architecture. Made by authors



11

j-th coordinate of the data transformation vector at 
k-th layer (for k = 1 it is a coordinate of input data 
vector); Nk, Nk+1 – number of neurons in k-th and 
k + 1-th layer, respectively.

The number of neurons Nk and activation 
functions fk can be different across layers. Training 
is performed by alternation between forward prop-
agation and backpropagation. During the forward 
propagation, the model’s prediction and intermediate 
variables are computed, from which the error is cal-
culated. In backpropagation, the gradient of neural 
network parameters is determined based on this error. 
In TensorFlow it is implemented via a computation 
graph. After finding the gradient, the weights are up-
dated using optimisation algorithms such as Adam, 
AdaDelta, or AdaGrad [28].

Input data formation

The keypoints, obtained by MediaPipe pose es-
timation system, were chosen as the input data for 
the configuration recognition system, considered in 
this study. MediaPipe identifies 543 keypoints in 
three-dimensional space corresponding to the body 
contour, limbs, and face (Fig. 3). This data represen-
tation allows for high accuracy while maintaining low 
input dimensionality [29]. A drawback is missing data 
in the stream, as MediaPipe does not always success-
fully detect the human pose. In this study, only the 
hand keypoints will be used (21 points per hand).

Even when hand shapes are represented as 
three-dimensional keypoints, their recognition re-
mains a challenging task due to the large number 
of classes, the existence of multiple variations for 
a single configuration, and the diversity of possible 
hand positions. Therefore, it is advisable to intro-
duce features that simplify the classification for the 
model without losing essential information. In this 
study, a set of such features was proposed, and their 
effectiveness was evaluated.

Bent indicator. The sum of the absolute values 
of the angles between two pairs of finger phalanges: 
proximal and middle, middle and distal. It is com-
puted according to the formula

( , , ) ( , ) ( , ) ,Bent a b c a b b c= ∠ + ∠
  

   

        (6)

where , ,a b c


 

 – vectors connecting the start and end 
points of the proximal, middle, and distal phalanges, 
respectively.

Metrics (6) measures the degree of finger flexion. 

For a straight finger, the angles between ,a b




 and

,b c




 are close to zero, and the Bent value is small. 
Bent reaches its maximum when the angles between 
the phalanges approach right angle (Fig. 4, left). The 
vectors of the index finger phalanges , ,a b c



 

 and an-
gles between them are shown in red, while vectors 
of the extended middle finger are shown in blue. 
Here, the index finger exhibits a higher Bent value 
than the middle.

Fig. 3. Key points obtained using the MediaPipe pose estimation system. Made by authors

СИСТЕМНИЙ АНАЛІЗ ТА НАУКА ПРО ДАНІ
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Joined indicator. Measures the distance between 
the tip of the thumb and the tip of another finger. It 
is calculated with formula

( , ) ,Joined x y x y= −
   

             (7)

where ,x y   – coordinates of the tip of the thumb 
and the tip of the other specified finger, respectively.

The illustration of   is shown in Fig. 4 (right). 
The Joined will be close to zero in the following cases:

• thumb and index finger – in configurations 3, 
4, 6, 7, 8, 34, 38, 40;

• thumb and middle finger – in configurations 
14, 16, 17, 31, 37, 38, 40;

• thumb and ring finger – in configurations 16, 
17, 18, 26, 27, 29, 31;

• thumb and little finger – in configurations 23 [8].

Angle indicator. Estimates the angle between 
two fingers, enabling discrimination between cases 
when the fingers are pressed together (angle close to 
zero, planes nearly parallel) and when they are sepa
rated. The indicator is computed via the following 
algorithm:

• build a linear regression plane 
through four points of the first finger;

• build another linear regres-
sion plane through four points of 
the second finger;

• determine ,a bn n
 

 – the nor-
mal vectors to the planes obtained 
in the two previous steps;

• compute the angle α between 

,a bn n
 

, which constitutes the Angle 
value.

If four points of a finger lie on a 
single line, there are infinitely many 
possible planes; therefore, Angle be-

comes undefined. However, experiments have shown 
that due to noise in MediaPipe pose estimation pro-
cess, such cases are rare and do not affect the model’s 
accuracy. The computation of Angle for the thumb 
and index fingers is illustrated in Fig. 5 (left).

Dir


 indicator. A vector defined by subtracting 
the fingertip point from the finger base point. It pre-
serves the information about the finger’s direction. 
This is the only indicator among the proposed that 
is not invariant to hand rotations. An illustration is 
shown in Fig. 5 (right).

Straight indicator. Evaluates how close the hand 
is to a flat palm. It is computed using the following 
algorithm:

• construct a linear regression plane through 
the 21 hand keypoints estimated by Me-
diaPipe;

• compute the coefficient of determi-
nation R2 for the regression.

For flat palm, all points lie near the 
plane, resulting in R2 close to 1 (as in con-
figuration No. 9 and certain version of  
No. 12), and lower R2 values (Fig. 6).

The indicators are designed to provide 
the machine learning model with relevant 
features that describe the fingers’ arrange-
ment while maintaining low data dimen-
sionality.

Experiments and results

To evaluate the proposed indicators’ 
effectiveness, experiments on hand con-

figuration recognition were conducted. We compared 
models with two types of input data:

• raw data – vector of MediaPipe hand key-
points coordinates (a 63-dimensional vector, which 

 

Fig.  5. Computation of Angle indicator for the thumb and index finger (left)  
Dir


 indicator for each finger (right). Made by authors

Fig. 4. Bent indicator for a folded finger and extended middle finger (left). 

Example of Joined indicator as the distance between the tips of the 

thumb and the index finger (right). Made by authors
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contains 21 points with three spatial coordinates 
each);

• processed data – vector of the proposed indi-
cators

[ ,..., ,..., ,..., ,i j kBent Joined Angle StraightHand

29, , ,...] ,mx my mzDir Dir Dir ∈             (8)

where , 1,5iBent i =  – finger flexion indicators for 5 

fingers; , 1,4jJoined j =  – indicatorsof the distance

 between the tip of the thumb and the tips of other fingers; 

, 1,4kAngle k =  – angles between fingers: thumb 
and index finger, index and middle, middle and 
ring, ring and little fingers; StraightHand – in-
dicators of closeness of the hand to the flat palm;

, , , 1,5mx my mzDir Dir Dir m =  – coordinates of finger m 
direction.

Using Python script, images of USL configura-
tions from No. 1 to No. 40 were recorded on a camera 
[8]. Hand orientation, hand shape versions, and dis-
tance to the camera were varied to ensure dataset di-
versity. The configurations were demonstrated by both 
left and right hands. Hand keypoints were detected 
in the images via MediaPipe pose estimation system, 
then used for computing the corresponding vectors 
of the proposed measures through software (8). Data 
collection was carried out according to the following 
algorithm:

• for each of the 40 classes, 1,000 images were 
initially collected;

• the trained models (random forest with 300 
trees and multilayer perceptron with two hidden 
layers of 300 neurons each) with (8) as input were 
tested on a video stream; if a model misclassified 
a configuration on some images, additional images 
similar to those were added;

• the procedure was repeated several times, 
resulting in an uneven distribution of data across 
classes.

Distribution of the number of samples per class 
in the dataset is shown in Fig. 7.

Fig.  7. Number of images per class distribution for 40 

configurations in the dataset. Made by authors

The dataset (1) was split into training and test 
sets in a 7:3 ratio, the proportion of samples per class 
in each subset corresponded to the original dataset. 
The performance of random forest and multilayer 
perceptron models were compared. The random fo
rest was built using the scikit-learn library, while the 
perceptron was implemented with the TensorFlow 
Keras.

For the perceptron, the input data were nor-
malised to the range from 0 to 1 (including 0 and 
1). A batch size of 128, a learning rate of 0.0001 
(with exponential decay of 0.96 every 20,000 steps, 
the Adam optimiser, and cross-entropy as the loss 
function were chosen. ReLU was selected as the ac-
tivation function for hidden layers, and softmax for 
the output layer. Training was conducted over 2,000 
epochs using a GPU. To prevent overfitting, early 
stopping with a patience of 50 epochs if the valida-
tion accuracy did not increase by at least 0.01 % was 
implemented.

The accuracy metrics of the evaluated models, 
computed by formula (3), is presented in Table 1. 
Models that achieved top performance are high-
lighted in green.

On test set of static hand configuration samples, 
the highest accuracy was achieved by the perceptron 
with two hidden layers of 300 neurons each, both for 
raw (99.11 %) and processed data (98.18 %). The 
random forest with 150 trees trained on processed 
data achieved a test accuracy of 98.44 %, where-

СИСТЕМНИЙ АНАЛІЗ ТА НАУКА ПРО ДАНІ

Fig. 6. StraightHand measure computation for semi-bent hand 

(left) and extended hand (right). Made by authors
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as the model with 300 trees trained on raw data 
achieved 98.20 %.

The accuracy values are consistent with previously 
reported results on the application of machine learning 

methods for recognising the dactyl alphabet of USL on 
static images [30]. The confusion matrix for the test set 
indicates a uniform distribution of errors among classes 
and the absence of problematic classes (Fig. 8).

Model Architecture

Raw input data Processed input data

Accuracy on the 
training set

Accuracy on the 
test set

Accuracy on the 
training set

Accuracy on the 
test set

Random forest

100 trees 100 % 98.08 % 100 % 98.40 %

150 trees 100 % 98.17 % 100 % 98.44 %

200 trees 100 % 98.18 % 100 % 98.41 %

250 trees 100 % 98.17 % 100 % 98.38 %

300 trees 100 % 98.20 % 100 % 98.42 %

Perceptron (the 
architecture  
specifies the 
number  
of hidden layers 
and the number 
of neurons in 
each layer)

1 layer,  
100 neurons

93.17 % 92.03 % 92.48 % 91.98 %

1 layer,  
200 neurons

95.78 % 95.44 % 96.25 % 95.67 %

1 layer,  
300 neurons

97.38 % 96.94 % 97.1 % 96.08 %

2 layers,  
200 neurons

98.91 % 97.95 % 99.10 % 98.09 %

2 layers,  
300 neurons

99.77 % 99.11 % 99.53 % 98.18 %

Table 1. Accuracy of the models on the training and test sets

Fig. 8. Confusion matrix of the perceptron with two hidden layers of 300 neurons each, which takes processed data as input, 

evaluated on the test set. Made by authors
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The random forest and perceptron models 
trained on processed and unprocessed data with 
the highest accuracy on the test set were selected 
for further evaluation via expert assessment, as de-
scribed in the “Evaluation Criteria” section. This 
was conducted in order to test the models’ ability to 
perform configuration classification on frames of the 
video stream and identify the most accurate model.

Python program was developed that detects 
hand keypoints on video stream via MediaPipe. 
Keypoints coordinates are either applied directly as 
input or used for computing the proposed indica-
tors, then fed into the model. Afterwards, the prog
ram displays predicted hand configuration on the 
screen in real time.

The results of configuration classification by 
the top-performing random forest models on video 
stream are presented in Table 2, the results for the 
perceptron models are shown in Table 3. The enu-
meration of USL configurations follows the paper 
[8]. The sum of correct (+), generally correct (+–), 
and incorrect (–) classifications, computed by for-
mula (4), are reported in Table 4.

Models trained on raw data made significantly 
more errors compared to their counterparts trained 
on processed data. The perceptron with two hidden 
layers of 300 neurons each trained on processed data 

correctly classified 80 % of configurations and gene
rally correctly classified 20 %, making it the most 
accurate model. An example when the chosen per-
ceptron trained on raw data misclassified configura-
tion No. 35, while the corresponding model trained 
on processed data gave the correct answer, is shown 
in Fig. 9. This suggests that the proposed indicators 
provide the model with high generalisation capability. 
Average inference time was 46 ms, so the model 
could be applied in real-time.

The experiments showed that models can 
achieve a higher value of the accuracy metric (3) 
on test set of static samples of USL hand confi
gurations, while making more errors evaluating the 
same configurations on a video stream. For examp
le, the selected perceptron model that used raw data 
achieved test accuracy (3) of 99.11 %, however, it 
made more errors on a video stream compared to 
the perceptron of the same architecture that used 
processed data and had 98.18 % of test accuracy (3). 
This confirms the necessity of an additional model 
evaluation criterion based on expert assessment on 
video stream.

Thus, the perceptron with two hidden layers of 
300 neurons each, which used the mathematical in-
dicators proposed in this study as input, successfully 
recognised USL hand configurations. Its accuracy 
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Configuration 
No.

Input features
Configuration 

No.

Input features
Configuration 

No.

Input features

Raw 
data

Processed 
data

Raw 
data

Processed 
data

Raw 
data

Processed 
data

1 – + 15 + + 29 + +

2 + + 16 +– + 30 + +

3 – + 17 +– + 31 +– +–

4 – +– 18 + + 32 – +–

5 – + 19 +– +– 33 – +–

6 – – 20 + + 34 – +–

7 – + 21 + + 35 +– +

8 – + 22 – + 36 +– +–

9 +– + 23 – +– 37 + +

10 – + 24 – +– 38 + +

11 +– + 25 – + 39 + +

12 +– + 26 – +– 40 +– +

13 – + 27 – +–

14 + +– 28 +– +

Table 2. Results of configuration classification by the top-performing random forest models
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was validated on a video stream. The limitation of 
the model is that, during the video stream evalua-
tion, it could make brief misclassifications due to 
noise and high complexity of data. However, such 
errors can be corrected as outliers – for example, by 
replacing them with values corresponding to the ma-
jority class within a sliding window. It is reasonable 
to investigate the model’s generalisation capability 
across different people in future works.

It was found that, after hand movements ex-
ceed certain speed, the classification accuracy re-
duces due to motion blur. This issue can be miti-
gated by using a camera with a higher frame rate. 
For instance, iPhone starting from version 16 can 
capture video at 240 frames per second.

The model is expected to recognise configura-
tions on video and provide relevant feature for other 

models. In the future work, this model will be used as 
a component of a sign language recognition system.

Conclusions

Hand configuration is a fundamental characte
ristic of lexical units in any sign language. The abili-
ty to recognise USL configurations provides relevant 
features for AI-based sign language recognition sys-
tems. In this study, a multilayer perceptron model 
was trained to recognise 40 USL hand configura-
tions on static camera images with high accuracy. 
A system of five indicators was proposed as the mo-

del’s input: Bent, Joined, Angle, Dir


, StraightHand. 
These indicators were computed based on 21 hand 
keypoints coordinates obtained using the MediaPipe 
pose estimation system. The proposed five features 

Configuration 
No.

Input features
Configuration 

No.

Input features
Configuration 

No.

Input features

Raw 
data

Processed 
data

Raw 
data

Processed 
data

Raw 
data

Processed 
data

1 – + 15 +– + 29 + +–

2 +– + 16 – +– 30 + +

3 + + 17 + + 31 + +

4 + + 18 +– +– 32 – +

5 +– + 19 + + 33 +– +

6 – + 20 + + 34 +– +

7 +– +– 21 + + 35 – +

8 – + 22 +– + 36 + +

9 +– + 23 +– + 37 + +

10 + + 24 – +– 38 +– +

11 + + 25 + + 39 +– +

12 + + 26 – +– 40 + +

13 + + 27 – +–

14 +– +– 28 + +

Table 3. Results of configuration classification by the top-performing perceptron models

Top model Input features
Recognition results for configurations from No. 1 to No. 40

+ +– –

Random forest
Raw data 12 (30 %) 10 (25 %) 18 (45 %)

Processed data 27 (67.5 %) 12 (30 %) 1 (2.5 %)

Perceptron
Raw data 18 (45 %) 13 (32.5 %) 9 (22.5 %)

Processed data 32 (80 %) 8 (20 %) 0 (0 %)

Table 4. Recognition of configurations from No. 1 to No. 40 by top-performing models on video stream
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provide information about finger arrangement while 
ensuring interpretability and low dimensionality of 
the training data. To develop the model, a dataset 
of images of 40 USL hand configurations was col-
lected, with variations in hand shape versions, hand 
orientation, and distance from the camera to maxi-
mise diversity.

Different versions of random forest models 
(with varying numbers of trees) and multilayer per-
ceptrons (with varying numbers of layers and neu-
rons) were compared. Models either took raw input 
data – 21 hand keypoints coordinates, or processed 
data – the proposed 5 mathematical indicators. 
The perceptron with two hidden layers of 300 neu-
rons each, trained on processed data, achieved the 
98.18 % accuracy on test set of images and an ave

rage inference time 46 ms. Hence, the proposed fea-
tures significantly improved the model’s generalisation 
capability, which was demonstrated in experiments on 
hand configuration recognition on a video stream.

The experiment showed that higher accuracy 
on test set of static hand configuration samples is 
not the sole indicator of a model’s performance on 
practice. The necessity of introducing an additional 
evaluation criterion based on expert assessment was 
substantiated. The developed multilayer perceptron 
model can effectively recognise USL hand configu-
rations on a video stream, meeting the requirements 
for high accuracy and real-time performance. In 
future works, it is planned to use this model as a 
component of an isolated sign language recognition 
system.

References

[1]	 “‘Sign Languages are for Everyone!’ UN International Day of Sign Languages”. [Online]. Retrieved from: https://www.euro-

pean-agency.org/news/sign-languages-are-everyone-un-international-day-sign-languages. Accessed: Apr. 13, 2026.

[2]	 “UNICEF Ukraine Facebook post February 20, 2025”. [Online]. Retrieved from: https://www.facebook.com/1789994851793391. 

Accessed: Apr. 13, 2026.

[3]	 “SignGPT Building Generative Predictive Transformers for Sign Language. An EPSRC Programme Grant 1/5/2025-30/4/2031”. 

[Online]. Retrieved from: https://sites.google.com/view/signgpt/team. Accessed: Apr. 13, 2026.

[4]	 “Google DeepMind SignGemma announcement”. [Online]. Retrieved from: https://x.com/GoogleDeepMind/sta-

tus/1927375853551235160. Accessed: Apr. 13, 2026.

[5]	 “SLAIT at DeafIT Conference about “Breaking communication barriers between Deaf & hearing people”. [Online]. Retrieved 

from: https://www.youtube.com/watch?v=UZ1FJP7uO9Y. Accessed: Apr. 13, 2026.

[6]	 “A software that can translate any sign language // Expo Live – KinTrans Inc. – USA”. [Online]. Available: https://www.

youtube.com/watch?v=29n1YhOVHHA. Accessed: Apr. 13, 2026.

[7]	 “1st place solution – 1DCNN combined with Transformer”. [Online]. Retrieved from: https://www.kaggle.com/competitions/

asl-signs/writeups/hoyeol-sohn-1st-place-solution-1dcnn-combined-with. Accessed: Apr. 13, 2026.

[8]	 S.V. Kulbida, “Konfihuratsiia yak komponent zhestu [Configuration as a sign component]”, Osoblyva dytyna : navchannia  

i vykhovannia. [Special child: teaching and raising], 2018, Vol. 4, pp. 15–30. Retrieved from: https://doi.org/10.33189/ectu.

v4i89.6

[9]	 N. Camgoz et al., “SubUNets: End-to-End Hand Shape and Continuous Sign Language Recognition”, in IEEE International 

Conference on Computer Vision (ICCV), Venice, Italy, 2017. Retrieved from: https://doi.org/10.1109/ICCV.2017.332

[10]	 O. Koller et al., “Weakly Supervised Learning with Multi-Stream CNN-LSTM-HMMs to Discover Sequential Parallelism in 

СИСТЕМНИЙ АНАЛІЗ ТА НАУКА ПРО ДАНІ

Fig. 9. Classification of configuration No. 35 by the top-performing perceptron model 

with raw input data (left) and processed data (right). Made by authors



18 KPI Science News       ISSN  2617-5509 (print), ISSN  2663-7472 (online) 2026 / 2

Sign Language Videos”, in IEEE Transactions on Pattern Analysis and Machine Intelligence, 2020, Vol. 42, No. 9, pp. 2306–
2320. Retrieved from: https://doi.org/10.1109/TPAMI.2019.2911077

[11]	 X. Zhang and K. Duh, “Handshape-Aware Sign Language Recognition: Extended Datasets and Exploration of Handshape-In-

clusive Methods”, in Findings of the Association for Computational Linguistics: EMNLP, Singapore, 2023, pp. 2993–3002. Re-

trieved from: https://doi.org/10.18653/v1/2023.findings-emnlp.198

[12]	 A.A. Hosain et al., “FineHand: Learning Hand Shapes for American Sign Language Recognition”, in 15th IEEE International 

Conference on Automatic Face and Gesture Recognition (FG 2020), 2020, pp. 700–707. Retrieved from: https://doi.org/10.1109/

FG47880.2020.00062

[13]	 A. Carbo and E. Nalisnick, “Improving Handshape Representations for Sign Language Processing: A Graph Neural Net-

work Approach”, in Proceedings of the 2025 Conference on Empirical Methods in Natural Language Processing, Suzhou, China,  

pp. 29122–29135. Retrieved from: https://doi.org/10.18653/v1/2025.emnlp-main.1483

[14]	 B. Demircioğlu, G. Bülbül and H. Köse, “Turkish Sign Language recognition with Leap Motion”, in 24th Signal Processing and 

Communication Application Conference (SIU), pp. 589–592. Retrieved from: https://doi.org/10.1109/SIU.2016.7495809

[15]	 S. Sharma et al., “Continuous sign language recognition using isolated signs data and deep transfer learning”, Journal of Ambient 

Intelligence and Humanized Computing, 2023, Vol. 14, No. 3, pp. 1531–1542. Retrieved from: https://doi.org/10.1007/s12652-

021-03418-z

[16]	 S. Alyami et al., “Reviewing 25 years of continuous sign language recognition research: Advances, challenges, and prospects”, 

Information Processing & Management, 2024, Vol. 61, No. 5. Retrieved from: https://doi.org/10.1016/j.ipm.2024.103774

[17]	 K. Myagila et al., “Framework for detecting and recognizing sign language using absolute pose estimation difference and deep 

learning”, Machine Learning with Applications, 2025, Vol. 21. Retrieved from: https://doi.org/10.1016/j.mlwa.2025.100723

[18]	 R. Rastgoo et al., “Word separation in continuous sign language using isolated signs and post-processing”, Expert Systems with 

Applications, 2024, Vol. 249. Retrieved from: https://doi.org/10.1016/j.eswa.2024.123695

[19]	 O.V. Lozynska, “Systema kompiuternoho perekladu ukrainskoi zhestovoi movy z vykorystanniam hramatychno dopovnenoi 

ontolohii” [System of computer translation for Ukrainian Sign Language using grammatically augmented ontology] Ph.D. dis-

sertation, Lviv Polytechnic National University, Lviv, 2016. [Online]. Retrieved from: https://lpnu.ua/sites/default/files/2020/

dissertation/1452/dyserlozynska1.pdf. Accessed: Apr. 13, 2026.

[20]	 N.C. Camgöz et al., “Neural Sign Language Translation”, IEEE Conference on Computer Vision and Pattern Recognition, Salt 

Lake City, UT, 2018. [Online]. Retrieved from: https://www-i6.informatik.rwth-aachen.de/~koller/RWTH-PHOENIX-2014-T/. 

Accessed: Apr. 13, 2026.

[21]	 H. Zhou et al., “CSL-Daily Dataset”, 2021. Retrieved from: https://ustc-slr.github.io/datasets/2021_csl_daily/. Accessed:  

Apr. 13, 2026.

[22]	 J. Yu et al., “Dynamic gesture recognition based on 2D convolutional neural network and feature fusion”, Scientific Reports, 

2022, Vol. 12. Retrieved from: https://doi.org/10.1038/s41598-022-08133-z

[23]	 Yu.V. Krak et al., “Matematychni metody ta prykladni informatsiini tekhnolohii modeliuvannia, perekladu ta navchannia dlia 

ukrainskoi zhestovoi movy [Mathematical methods and applied informational technologies of modeling, translation and learning 

for Ukrainian Sign Language]”, Bulletin of Lviv Polytechnic National University: information technologies and networks, 2016, 

No. 854, pp. 210–227. [Online]. Retrieved from: http://nbuv.gov.ua/UJRN/VNULPICM_2016_854_22

[24]	 A. Hlybovets and M. Bikchentayev, “Recognizing gestures of the ukrainian dactylic alphabet”, International Scientific Technical 

Journal “Problems of Control and Informatics”, 2023, Vol. 68, No. 3, pp. 86–100. Retrieved from: https://doi.org/10.34229/1028-

0979-2023-3-9

[25]	 I.O. Burkhan and O.V. Barabanov, “Rozpiznavannia ukrainskoi zhestovoi movy na osnovi kliuchovykh tochok z vykorystanniam 

rekurentnykh neironnykh merezh [Keypoint-based Ukrainian Sign Language translation using Recurrent Neural Networks]”, 

Science and Technology Today, 2023, Vol. 4, No. 18. Retrieved from: https://doi.org/10.52058/2786-6025-2023-4(18)-280-292

[26]	 N.V. Kuznietsova and S.S. Smirnov, “Uzahalnena metodolohiia rozpiznavannia movy zhestiv na videopotokakh na osnovi 

neironnykh merezh i transformeriv [A generalized methodology of sign language recognition on video streams based on neural 

networks and transformers]”, Data Recording, Storage & Processing, 2023, Vol. 25, No. 2. pp. 66–76. Retrieved from: https://

doi.org/10.35681/1560-9189.2023.25.2.300527

[27]	 A. Géron, Hands-on Machine Learning with Scikit-Learn, Keras, and TensorFlow (2nd ed.), O’Reilly Media Inc., Sebastopol, 

CA, 2019. [Online]. Retrieved from:  https://shashwatwork.github.io/assets/files/ml_ebook.pdf. Accessed: Apr. 13, 2026.

[28]	 A. Zhang et al., “Dive into Deep Learning. 5. Multilayer Perceptrons”. [Online]. Retrieved from: https://www.d2l.ai/chap-

ter_multilayer-perceptrons/index.html. Accessed: Apr. 13, 2026.

[29]	 W.F. Maia et al., “Automatic sign language to text translation using MediaPipe and transformer architectures”, Neurocomputing, 

2025, Vol. 642. Retrieved from: https://doi.org/10.1016/j.neucom.2025.130421



19СИСТЕМНИЙ АНАЛІЗ ТА НАУКА ПРО ДАНІ

[30]	 “1 Urok Daktylna abetka, kanal “Ukrainska Zhestova mova” [1 Lesson Dactyl alphabet, channel “Ukrainian Sign Language”]. 

[Online]. Retrieved from: https://www.youtube.com/watch?v=DHo96OMHRyE. Accessed: Apr. 13, 2026.

[31]	 S.S. Kondratiuk, “Ukrainian dactyl alphabet gesture recognition using cross platform software and convolutional neural net-

works”, Artificial Intelligence, 2019, Vol. 24, pp. 107–113. Retrieved from: https://doi.org/10.15407/jai2019.03-04.107

[32]	 B. Alsharif et al., “Deep Learning Technology to Recognize American Sign Language Alphabet”, Sensors, 2023, Vol. 23, 

No. 18, P. 7970. Retrieved from: https://doi.org/10.3390/s23187970

К.Д. Грішин, Н.І. Недашківська

МОДЕЛЬ МАШИННОГО НАВЧАННЯ ДЛЯ РОЗПІЗНАВАННЯ КОНФІГУРАЦІЙ РУК УКРАЇНСЬКОЇ ЖЕСТОВОЇ МОВИ

Проблематика. Розпізнавання жестової мови на основі штучного інтелекту є актуальною, не розв’язаною досі проблемою. 
Для української жестової мови (УЖМ) завдання ускладнене нестачею публічно доступних датасетів. Тому дослідникам, які 
працюватимуть в умовах обмежених даних, доцільно використовувати додаткові ознаки для підвищення точності моделей. Конфігурація 
рук – основна характеристика лексичних одиниць у будь-якій жестовій мові; в УЖМ їх 40. Можливість точно визначати конфігурацію 
надасть інформативні ознаки для систем розпізнавання жестової мови на основі штучного інтелекту.

Мета дослідження. Побудувати модель машинного навчання, здатну розпізнавати покадрово конфігурації УЖМ 
на відеопотоці з точністю не менше 95 % на перевірочній вибірці та середнім часом виведення результату не більше 70 мс.

Методика реалізації. Як вхідні дані для моделей розпізнавання конфігурацій УЖМ запропоновано систему математичних 
показників, які обчислюються на основі координат ключових точок, отриманих системою захоплення пози MediaPipe. Навчальну 
вибірку створено із зображень конфігурацій рук УЖМ з камери, продемонстрованих різними особами середнього віку. Далі 
через MediaPipe на зображеннях визначено ключові точки руки, розраховано відповідні вектори математичних показників. Було 
випробовано різні архітектури персептрона та випадкового лісу.

Результати дослідження. Найвищу ефективність показала модель персептрона з двома прихованими шарами по 300 
нейронів, яка використовує як вхідні дані вектор запропонованих математичних показників. Модель досягла точності 98,18  % 
на перевірочній вибірці. Під час апробації у відеопотоці мережа із 40 конфігурацій УЖМ ідентифікувала 32 безпомилково, 
а 8 – з поодинокими відхиленнями. Середній час виведення результату – 46 мс. Персептрон ідентичної архітектури, що приймав 
координати ключових точок, показав нижчу точність у режимі відеопотоку. Також запропоновані ознаки підвищили ефективність 
моделі випадкового лісу, що підтверджує їх універсальність.

Висновки. Серед розглянутих архітектур оптимальною є модель персептрона з двома прихованими шарами по 300 
нейронів, яка використовує як вхідні дані вектор запропонованих математичних показників. Вона ідентифікує конфігурації УЖМ 
у реальному часі, досягаючи точності 98,18 % на перевірочній вибірці. У випробуваннях на основі запропонованого критерію 
експертного оцінювання на відеопотоці вона безпомилково ідентифікувала на 35 % більше конфігурації (80 % проти 45 %), 
порівняно з моделлю, що ґрунтується на необроблених координатах ключових точок. Впровадження додаткової верифікації 
на основі експертних висновків є доцільним, окрім стандартної оцінки точності на перевірочних даних. Зазначена архітектура є 
першою моделлю для розпізнавання конфігурацій УЖМ на основі штучного інтелекту. Надалі планується інтеграція розробленої 
мережі в систему розпізнавання ізольованих жестів УЖМ.

Ключові слова: українська жестова мова; машинне навчання; нейронні мережі; комп’ютерний зір; розпізнавання жестів; 
оцінка якості моделі; інженерія ознак; системний аналіз.
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