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This paper analyzes the current state of Russian Sign Language (RSL) datasets and identi-
fies the main challenges in their use for Al-based translation systems. A comparative analysis of
the Bukva, Slovo, and HaGRID datasets was conducted to assess their size, annotation quality,
diversity, and openness. The results show that while Slovo provides the most linguistically di-
verse material, Bukva and HaGRID contribute valuable methodological and validation frame-
works. The study emphasizes the need for hybrid and multimodal datasets to enhance inclusivity

and practical RSL translation performance.

Keywords: Russian Sign Language, dataset analysis, artificial intelligence, gesture recog-

nition, machine translation.

In recent years, artificial intelligence
technologies have been increasingly ap-
plied to promote inclusive communication.
Examples include sign language recogni-
tion and translation, automatic subtitling,
and interactive assistants for people with
hearing impairments. When developing a
Russian-language  intelligent  service
aimed at overcoming communication bar-
riers, one of the key tasks is the creation
and adaptation of translation models for
Russian Sign Language (RSL). This study
aims to identify the key challenges in ex-
isting RSL-related datasets and propose
practical strategies for improving their
quality and applicability in translation
models. Unlike most previous studies that
focus on English-based systems, this paper
highlights the underexplored Russian con-
text, where data accessibility and linguis-
tic specificity remain key limitations.

To evaluate the strengths and weak-
nesses of existing datasets, a comparative
analysis was conducted across three major
Russian gesture datasets, Bukva, Slovo,
and HaGRID, based on four key criteria:

1) dataset size and coverage,

2) diversity of signers and recording
conditions,

3) annotation and validation quality,

4) openness of licensing.

To complement the dataset analysis,
previous research on Russian dactyl
recognition using neural networks, partic-
ularly YOLO-based architectures, was also
considered [1-3]. This helps illustrate how
object detection methods can support ges-
ture segmentation and labeling in RSL da-
tasets.

One of the most notable resources is
the Bukva dataset, created by the Al For-
ever team. It contains approximately 27
GB of video data (3,757 RGB videos) with
both dynamic and static representations of
the RSL manual alphabet — each letter is
represented by more than 100 examples,
divided into training and test subsets. The
open-source nature of Bukva allows its use
for further fine-tuning of neural networks,
as well as for correction and expansion of
the dataset. However, despite its integrity
and accessibility, the dataset remains lim-
ited in size and semantic depth: it contains
only alphabetic gestures, without words,
phrases, or consideration of communicative
context and signer variability. This re-
stricts the applicability of fine-tuned mod-
els in real-life communication scenarios.

The next step in development is rep-
resented by the Slovo dataset, released by
SberDevices. It includes 20,400 Full HD
videos, over 1,000 unique gesture classes
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(including dactyl alphabet signs), recorded
by 194 native signers and RSL experts
from around the world. This resource rep-
resents a significant breakthrough: a large
number of gesture classes, diverse signers,
and high recording quality all contribute
to better model training conditions. Spe-
cial attention was paid to data accuracy —
the complete dataset creation cycle includ-
ed data collection, validation, annotation,
and even a testing phase to identify users
proficient in RSL. Nevertheless, Slovo also
faces certain limitations: recordings were
made in controlled environments, many
gestures are static, and the dataset does
not yet cover full sentences or natural dis-
course used in spontaneous communica-
tion. Moreover, only part of the dataset
and several fine-tuned neural models were
released publicly. However, such limita-
tions are difficult to avoid when forming a
conventional dataset of this type.

Another noteworthy resource 1is
HaGRID, another large-scale gesture da-
taset developed by SberDevices, though
focused not on RSL translation but on ges-
ture control tasks. It contains 554,800 1m-
ages across 18 gesture classes collected
from 37,583 users worldwide. HaGRID de-
serves attention due to its rigorous multi-
stage validation process, which makes it
one of the cleanest and most structured
datasets in Russian practice. To minimize
errors and eliminate ambiguous data, the
developers divided validation into two
stages. The first stage included baseline
filtering and annotator training, while the
second involved re-checking images under
stricter constraints: removing photos of
children, unclothed individuals, and any
images containing textual inscriptions or
symbols (national, religious, etc.). The
overlap between validation sets was strict-
ly limited to five samples, as the cost of
error was considered particularly high.
Although HaGRID does not cover the lin-
guistic specifics of RSL (phonology, syntax,
or cultural variation), it remains a valua-
ble general resource for gesture recogni-
tion. Its thorough validation and data col-

lection pipeline demonstrate the maturity
of Russian data-engineering approaches
and may serve as a methodological foun-
dation for the creation of specialized RSL
datasets in the future.

Thus, the Russian dataset landscape
for RSL 1s still in an active stage of for-
mation, striving toward completeness and
quality. The main challenges can be sum-
marized as follows:

1) limited dataset volume and ges-
ture class diversity, especially for phrasal
or connected sign language speech;

2) insufficient variability in signers,
backgrounds, and recording conditions,
which reduces model generalization;

3) complex annotation requirements
due to multimodality (hand movement,
body posture, facial expression, and con-
text), which are not yet fully addressed,;

4) underdeveloped standards for
openness, licensing, and interoperability;

5) significant financial and time costs
of collecting video data from RSL users
and experts.

The analysis shows that while Slovo
provides the most diverse and scalable da-
ta, Bukva remains limited to alphabetic
signs, and HaGRID, though methodologi-
cally robust, lacks linguistic specificity for
RSL translation. Overall, Russian da-
tasets for sign language research are still
in a formative stage and require high-
quality and representative datasets, yet
the Russian implementation of this task
still faces serious challenges — limited data
volumes, low variability, annotation com-
plexity, and high production costs. These
findings suggest the need for a hybrid da-
taset combining the linguistic richness of
Slovo with the methodological rigor of
HaGRID, along with extended annotation
frameworks covering facial expressions,
body posture, and communicative context.
Future research may focus on developing
multimodal RSL datasets that better re-
flect real-life communication and promote
inclusive, Al-driven translation services in
the Russian context.
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K BOITPOCY O CO3JJAHNU VIIVAITEHHOTI'O ITEPEBOTIA PYCCKOI'O
JHKECTOBOI'O A3bIKA: ITPOBJIEMbI HABOPOB JJAHHBIX 1 CTPATET'I
OBYYEHUA

3. B. Poiounckas

Cmamps npedcmagiena HayuHblM pyKosooumesem — K. m. H., ooy. Xnonomoswvim M. B.

B oannoti cmamoee ananuaupyemcs mekyuiee cocmosHue Habopos OAHHbIX NO DPYCCKOMY
acecmosomy sasviky (PHHA) u evissnsaiomes ocHo8Hble npobsieMbl UX UCNOJIb30BAHUS 68 CUCMeMAX
nepesooa Ha 0CHOBe UCKYCCMEeHH020 unmesniekma. Ilposedén cpasHumenvrvili aHanu3 Habopos
oarnnvix Bukva, Slovo u HaGRID ons ouenku ux pasmepa, Kauecmea aHHOMAUUL, PA3H006pa-
3us u omkpoimocmu. Pezynvmamut nokaswsiearom, umo, xoms Slovo npedocmasnisem Haubosiee
JIUH28UCMUYecKlU pasHoobpasHuili mamepuan, Bukva u HaGRID sHnocam uenHbili 8kaa0 8 me-
mMo00JI02UYeCKYI0 OCHO8Y U 8AIUOAUUOHHbLe Mexarudmbt. Hccnedosarue noduéprkusaem Heobxo-
oumocms 2ubPUOHBIX U MYTIbMUMOOASIbHBIX HAOOPO8 OAHHbIX OJ15 NOBLIUEHUS UHKIIIO3UBHOCINU
u npakmuueckoii aghgpexmuasrocmu nepesooa PHA.

Kniouesvie ciosa: pyCCKUI sKECTOBBIN A3BIK, AHAJIN3 HAOOPOB JAHHBIX, MCKYCCTBEHHEIN HH-
TeJIJIEKT, pacllo3HABaHUe $KeCTOB, MAIIIMHHBIN ITepeBo/I.
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