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MACHINE LEARNING MODEL FOR RECOGNITION OF UKRAINIAN
SIGN LANGUAGE HAND CONFIGURATIONS

Background. Sign language recognition using Artificial Intelligence (Al) 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 Al-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.

Keywords: Ukrainian Sign Language; machine learning; neural networks; computer vision; gesture
recognition; model quality assessment; feature engineering; system analysis.

IMponosunis nas uuryBanns miei crarric K. [piumn, H.I. HenamkiBcbka, «Mopeab MallMHHOTO HaBYaHHS IS
po3mizHaBaHHS KOHOIrypauiil pykK yKpaiHChKOI kecTtoBoi MoBU», Haykoei eicmi KIII, Ne 2, ¢. 7—19, 2026. doi: https://
doi.org/10.20535/kpisn.2026.2.352330

How to cite this article: K.D. Grishyn, N.I. Nedashkovskaya, “Machine learning model for recognition of ukrainian
sign language hand configurations”, KPI Science News, No. 2, pp. 7—19, 2026. doi: https://doi.org/10.20535/
kpisn.2026.2.352330

© The Autor(s).
The article is distributed under the terms of the license CC BY 4.0



8 KPI Science News

ISSN 2617-5509 (print), ISSN 2663-7472 (online)

2026/ 2

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 Al system for USL recognition seems a promising
solution.

The ultimate goal of the sign language recognition
is to develop an Al-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 Al-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

(Xzayi),izl,N.v’ (1)

where X, e R*® — 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); y, € {l,..., N} — the
configuration label, in this study, from 1 to 40 [§];
N, — training dataset size. In general case X (1) can
be not only a keypoint vector but also an image of
the hand.

Objective. To develop a machine learning model

£iR* 51, N, )

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
X (1), however, its task is to recognise hand shape
X, eR"™ on video stream, which will produce a
sequence {(X;;,¥,),(X;5, )5, (X7, )} - The sam-
ples X, will differ due to variations in hand posi-
tion, tilt, and distance from the camera for a fixed
v 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

N
y= true , (3)

N
where N,,, — 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:

e “4+” — correct configuration classification for
any hand position;

e “+—" — generally correct classification with
errors in certain cases;

“—” — incorrect classification, indicating an
unsatisfactory result.

3. A vector is calculated

“

rres = [n+’n+—’n—]’
where n,, n,_, n_ — number of configurations as-
signed to the cases “+”, “+—", “—” respectively.

4. Vector r, 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 Al-based sign language recognition models is an

— (©)

Video with
sign language message

User records a message
in sign language on
smartphone/computer
camera

o @m— v —

Model 1 recognizes
configurations

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 {y,,..., y,} that must be recognised. Tem-

Model 2
(Sign language recogniton)

Configuration sequence as
additional feature

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 y, are un-
known. The components y, 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 Al
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 Al 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,

Nk —_—
XM= Q o +b)i= LN, (5)
Jj=1

where @*,b*

2

mation; f* — k-th layer activation function; xf —

— weights of k-th layer linear transfor-

Fig. 2. Multilayer perceptron architecture. Made by authors
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Jj-th coordinate of the data transformation vector at
k-th layer (for k = 1 it is a coordinate of input data
vector); N,, N,,, — number of neurons in k-th and
k + 1-th layer, respectively.

The number of neurons N, and activation
functions f 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(d,b,¢) = \4(5,1;)\ + \4(13,5) , (6)
where 5,5 ,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 d,b,¢ 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
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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

, (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].

Joined (%,¥) =% - y

",
X

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 R? for the regression.

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

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

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;

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

* determine Z,nj — the nor-
mal vectors to the planes obtained
in the two previous steps;

- compute the angle a between

n,,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-

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

———

Dirg

e

Diry

—

Dir,

Diry

Fig. 5. Computation of Angle indicator for the thumb and index finger (left)
Dir indicator for each finger (right). Made by authors
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Fig. 6. StraightHand measure computation for semi-bent hand
(left) and extended hand (right). Made by authors

contains 21 points with three spatial coordinates
each);

« processed data — vector of the proposed indi-
cators

[Bent,,...,Joined ..., Angle,,...,StraightHand,

Dir, , Dir,

my?

Dir,_,..]e R, (8)

where Bent,,i =1,_5 — finger flexion indicators for 5

fingers; Joined , j =1,_4 — indicatorsof the distance
betweenthetipofthethumbandthetipsofotherfingers;

Angle, .k =1,4 — 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;

Dir, ., Dir,,, Dir,.,m=1,5 — 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.

Sample distributicn amang classes

123456 7 8 91011121314151617 18192021 22 23 74 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40
Class

distribution for 40
configurations in the dataset. Made by authors

Fig. 7. Number of images per class

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

Raw input data Processed input data
Model Architecture Accuracy on the | Accuracy on the | Accuracy on the | Accuracy on the
training set test set training set test set
100 trees 100 % 98.08 % 100 % 98.40 %
150 trees 100 % 98.17 % 100 % 98.44 %
Random forest 200 trees 100 % 98.18 % 100 % 98.41 %
250 trees 100 % 98.17 % 100 % 98.38 %
300 trees 100 % 98.20 % 100 % 98.42 %
I ayer, 93.17 % 92.03 % 92.48 % 91.98 %
100 neurons
Perceptron (the
architecture 1 layer, 95.78 % 95.44 % 96.25 % 95.67 %
specifies the 200 neurons
number 1 layer,
of hidden layers 300 neurons 97.38 % 96.94 % 97.1% %6.08 %
and the number
of neurons in 20% lﬁeyzi’ns 98.91 % 97.95 % 99.10 % 98.09 %
each layer) 2 lavers
Yers, 99.77 % 99.11 % 99.53 % 98.18 %
300 neurons

as the model with 300 trees trained on raw data methods for recognising the dactyl alphabet of USL on

achieved 98.20 %. static images [30]. The confusion matrix for the test set
The accuracy values are consistent with previously indicates a uniform distribution of errors among classes

reported results on the application of machine learning and the absence of problematic classes (Fig. 8).

Confusion Matrix
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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

Table 2. Results of configuration classification by the top-performing random forest models

Configuration Input features Configuration Input features Configuration Input features
No. Raw Processed No. Raw Processed No. Raw Processed
data data data data data 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 +— +
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Table 3. Results of configuration classification by the top-performing perceptron models

Configuration Input features Configuration Input features Configuration Input features
No. Raw Processed No. Raw Processed No. Raw Processed
data data data data data 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 + +

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 Al-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

Table 4. Recognition of configurations from No. 1 to No. 40 by top-performing models on video stream

Recognition results for configurations from No. 1 to No. 40
Top model Input features
+ +— —
Raw data 12 (30 %) 10 (25 %) 18 (45 %)
Random forest
Processed data 27 (67.5 %) 12 (30 %) 1 (2.5 %)
Raw data 18 (45 %) 13 (32.5 %) 9 (22.5 %)
Perceptron
Processed data 32 (80 %) 8 (20 %) 0 (0 %)
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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

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-
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K.O. MpiwwmH, H.l. Hepawkiscbka

MOZENb MALUMHHOIO HABYAHHSA AN PO3MISHABAHHSA KOH®IMNYPALIV PYK YKPAIHCBKOI YXECTOBOI MOBU

Mpo6nematuka. Po3nisHaBaHHSA XECTOBOI MOBM Ha OCHOBI LUTY4YHOTO iHTENEKTY € aKTyarlbHOW, He PO3B’A3aHol A0Ci Npobnemoto.
[na ykpaiHcbKkoi >ectoBoi moBu (YXKM) 3aBOaHHst ycknagHeHe HecTadetro nyGriyHO [OOCTynHUX JdataceTiB. Tomy [ocrigHukam, siKi
npawtoBaTUMyTb B yMOBaX 0OMEXeHUX AaHX, A0LiNbHO BUKOPUCTOBYBATU 4OAATKOBI 03HAKM A4S NiABULLIEHHS TOYHOCTI Mofienel. KoHgiaypauyis
PYK — OCHOBHa Xapakmepucmuka f1eKCuU4HUX 00UHUUb y ByOb-sikill xecmositl Mosi; 8 YXKM ix 40. MoxXnvBiCTb TOYHO BU3HaYaTW KOHAIrypaLijto
HagacTb iHOpPMaTUBHI 03HAKM ANsi CUCTEM PO3ni3HaBaHHS XECTOBOI MOBW Ha OCHOBI LUTYYHOTO iHTENeKTY.

Meta pocnigkeHHsA. [MobyayBaT Mofenb MalUMHHOTO HaBYaHHs, 34aTHY po3ni3HaBaTW MokagpoBO KoHdirypauii YXXKM
Ha BigeonoToLi 3 TOYHICTIO He MeHLe 95 % Ha nepeBipoYHiln BUBIpLi Ta cepefHiM YacoM BMBeAEHHS pe3ynbTaTty He binblue 70 mc.

MeToauka peanisauii. Ak BxigHi AaHi Ans mogenen po3nisHaBaHHSA KoHdirypadin Y>KM 3anponoHoBaHO cuctemMy MaTeMaTUyHmX
MOKa3HUKIB, siki 064MCIIOITLCA Ha OCHOBI KOOPAMHAT KIMOYOBUX TOYOK, OTPMMaHUX CUCTEMOLD 3axonneHHst no3un MediaPipe. HaByanbHy
BMBIpKY CTBOpEHO i3 306paxeHb KoHirypauii pyk Y>KM 3 kamepu, NpoAeMOHCTPOBaHUX Pi3HUMKU ocobamu cepefdHboro Biky. Aani
yepe3 MediaPipe Ha 306paXeHHSX BU3HAYEHO KIMOYOBI TOYKM PYKM, pO3paxoBaHO BiAMOBiAHI BEKTOPU MaTeMaTUYHWUX MOKasHuKiB. byno
BMNPoBOBaHO pi3Hi apXiTekTypy NepcenTpoHa Ta BUNagKoBoro ficy.

Pe3ynbTatn pgocnigxeHHsA. Hamsuily edekTUBHICTb Nnokasana mogernb nepcenTpoHa 3 ABoMa npuxoBaHuMu wapamu no 300
HENPOHIB, SiKa BUKOPWCTOBYE SIK BXiAHI [aHi BEKTOp 3anporoHOBaHWX MaTemMaTUyHuX nokasHukiB. Mogenb pgocsirna toyHocTi 98,18 %
Ha nepes.ipoyHi BMOGIpui. Mig 4ac anpobauii y BigeonoTtoui mepexa i3 40 koHdirypauin YXXKM igeHTudikyBana 32 6e3nomunkoso,
a 8 — 3 nooanHokuMK BigxuneHHsMu. CepefHivi Yac BuBeAeHHS pesynbtaty — 46 mc. MNepcenTpoH iGEeHTUYHOT apXiTeKTypu, WO npuiiMas
KOOPAMHATU KIIOYOBUX TOYOK, NOKa3aB HWDKYY TOYHICTb Y PEXMMI BiJEeONOTOKY. TakoxX 3anpornoHOBaHi O3HaKM NiABULLMIN ePeKTUBHICTb
MoZeni BUNagKoBoro ficy, LWo NiATBEPAXKYE iX yHIBepcanbHiCTb.

BucHoBku. Cepep po3rnsHYTUX apxiTeKTyp ONTMMarnbHOK € MoAenb MNepcentpoHa 3 ABOMa npuxoBaHuMuM wwapamu no 300
HENPOHIB, sika BUKOPUCTOBYE K BXiHi flaHi BEKTOP 3anponoHOBaHMX MaTeMaTUyYHMX nokasHukie. BoHa ineHTudikye koHdirypauii Y2KM
y peanbHOMy 4aci, gocsiratoumn TouHocTi 98,18 % Ha nepeBipoyHii BUGIpLi. Y BMNpobyBaHHSX Ha OCHOBI 3anpoMOHOBAHOrO KpUTEPIto
eKcnepTHOro OLiHIOBaHHSA Ha BigeonoToLi BoHa Ge3nomunkoBo igeHTUdikyBana Ha 35 % 6Ginblie koHdirypadii (80 % npotu 45 %),
NMOPIBHAHO 3 MOZENIIo, WO I'PYHTYETbCS HA HeOOpobneHMX koopauHaTax KM4oBMX TOYOK. BnpoBamkeHHs gopaTkoBoi Bepudikauii
Ha OCHOBI €KCNEePTHNX BUCHOBKIB € AOLiNbHNM, OKPiM CTaHOAPTHOI OLiHKM TOYHOCTI Ha NepeBipoYHMX AaHuX. 3a3HayeHa apxiTekTypa €
nepLUO0 MOAENMIO ANS po3ni3HaBaHHs koHdirypauin Y2KM Ha ocHOBI WTy4Horo iHTenekTy. Hagani nnaHyeTbes iHTerpadisi po3pobneHoi
Mepexi B cucTeMy po3nidHaBaHHs i3051boBaHuX xecTiB Y XKM.

KntoyoBi crnoBa: ykpaiHcbka )XecToBa MOBa; MalUMHHE HaBYaHHS; HEMPOHHI Mepexxi; KOMM'IOTEPHUI 3ip; PO3Mi3HaBaHHSA XeCTiB;
OLHKa AKOCTi MoAeni; ilXeHepia 03HaK; CUCTEMHUIA aHanis.
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