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Abstract. This article presents automated methods and tools for lexicographic research and dictionary
development for Bengali Sign Language (BdSL). The research addresses the challenge of documenting
BdSL, an under-resourced sign language primarily used in Bangladesh and Indian Bengali-speaking
regions. Established lexicographic methods require extensive manual effort to capture the
multidimensional features of signs, including handshape, location, movement, orientation, and non-
manual markers. The proposed system integrates computer vision-based feature extraction, machine
learning-assisted annotation, and a structured database for lexical entries. The web-based platform
enables lexicographers to collect, annotate, and validate sign language entries efficiently. Evaluation
with 35 participants, including lexicography experts, BASL linguists, and deaf community members,
showed a 67 % reduction in annotation time while maintaining high inter-annotator agreement
(xk=0.82). During a six-month period, participants documented 1,847 BdSL signs, identified 127
regional variants, and created 456 dictionary records at different stages of completion. These records
included entries containing core phonological annotations as well as entries that had undergone
additional linguistic and expert validation, providing a foundation for the development of a future
learner-facing dictionary for Bengali students with hearing impairments. The scientific novelty lies in
applying automated methods specifically to BASL lexicography and establishing foundational tools for
systematic dictionary development.
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Pa3paboTka Jiekcukorpaguueckoi CHCTEMbI I
CJI200CHABIIAIUX YYANTUXCH, H3YYAKIIUX 0CHIaJIbCKUH A3bIK

A. Ampadu=, B.C. Moxnauen
Mockosckuii nonumexnuyeckutl ynusepcumem, Mockea, Poccutickas @edepayus

Pe3iome. B naHHOU cTaThe MPEACTABICHBI aBTOMATU3HUPOBAHHBIE METONBI M HMHCTPYMEHTHI IS
JICKCUKOTpaUIECKHUX UCCIICIOBAHNUN 1 Pa3pabdOTKHU clloBapel OEHTambCKOro xkecToBoro si3bika (BXKS).
HccnmenoBanue IMOCBAMICHO pEIICHUI0 TpoOieMbl mokyMeHTHpoBaHmst BXKSI, »xecToBoro s3pika ¢
OTPaHWYEHHBIMH PECYpPCAMH, HCIIONB3YEMOro MPENMYIIEeCTBEHHO B baHrmazem v OeHranos3bI9HBIX
peruonax Mumuu. CyiecTByromue JIeKCUKOrpaduIecKue METOAbl TPEOYIOT 3HAYUTEIbHBIX PYYHBIX
yeunuid  Juis  (UKcalMd  MHOTOMEPHBIX — XapakTePHCTHUK JKECTOB, BKIIoYass (OpMy KHCTH,
MECTOIIOJIOKCHHUE, ABUXCHUEC, OPUCHTAILUIO H HeBep6aanLIe MapKeEphbI. HpezmonceHHa;{ CHUCTEMA
00BeIMHSCT U3BJICUCHUE TIPU3HAKOB HA OCHOBE KOMITBIOTEPHOTO 3pEHUs, aHHOTHPOBAHUE C TTOMOIIIBIO
MAaIIMHHOTO OO0YYEHHUs U CTPYKTYPHPOBAHHYIO 0a3y JaHHBIX JIEKCHYECKUX 3amuceil. BeO-maTdopma
MO3BOJISAET JieKcukorpadam 3(h(HeKTUBHO cOOMpaTh, aHHOTUPOBATh U IPOBEPSATH 3AIUCH YKECTOBOTO
s3pika. OmeHKa ¢ ydacTHeM 35 deJoBeK, BKJIIOYAs SKCIIEPTOB IO JEKCUKOTpaduu, JTUHTBUCTOB,
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nsydaromux bXKS, u uineHoB cooOrecTa riTyxXux, oKa3ajia COKpalieHue BpeMEHH aHHOTHPOBAHUS Ha
67 % mpu COXpaHEHHWH BBICOKOTO YPOBHS COTJIACOBAaHHOCTH MeXIy aHHOTaropamu (k =0,82). B
TEUCHHE IIIECTH MECSIEB YYaCTHUKU 3aJ0KyMeHTHpoBanu 1847 jxecToB OCHraibCKOTO >KECTOBOTO
SI3BIKA, BBISIBIIIM 127 pernoHANbHBIX BAPUAHTOB U cO3/1aIu 456 CIOBapHBIX 3aMKCeH Ha Pa3HBIX dTamax
3aBepIICHHUS. OTH 3allMCH BKJIIOYAIM KaK OCHOBHBIC (POHOJOTHYECKHE AHHOTALIMM, TaK W 3allHCH,
MIPOIIEIITHNE TOTOTHUTEIHHYIO JJHMHTBUCTHUECKYIO M AKCIIEPTHYIO TIPOBEPKY, UTO 3I0KHUIO OCHOBY IS
pa3zpaboTKu Oy IyIIETo CIIOBApS IS N3YYAIONIUX OSHTAILCKUH SI3BIK CTYICHTOB C HAPYIICHUSIMH CITyXa.
Hayuynas HOBHM3Ha 3aKkirodaceTcsl B IPHUMEHEHHH aBTOMATH3WPOBAHHBIX METOIOB CIIEIHAIBHO K
JISKCUKOTpauu OCHraJIbCKOI0 JKECTOBOIO sI3bIKa M CO3JaHMU 0a30BbIX HMHCTPYMEHTOB ISt
CHUCTEeMaTUYECKON Pa3pabOTKH CIOBapS.

Kntouegvle cnoea: pacrniozHaBaHUE JKECTOBOI'O  sI3bIKA, OCHTANBCKHHA  JKECTOBBIM  S3BIK,
JISKCUKOTpaduuecKas CUCTeMa, TOKYMEHTHPOBaHKE 5KECTOBOIO sI3bIKa, 00pa30BaTeIbHbIC TEXHOIOTHH,
MHOTOSI3BIYHBIN TIEPEBOJI, KOMITbIOTEpPHAS JIEKCUKOTpadusL.

Bnazooapnocmu: ABTOpBI BBIpXAIOT MIyOOKYI0 NMPU3HATEIBHOCTH 32 MOMICPKKY A.A. Maxmyny,
M. Mexpe3y, T.JI. [loan u Juem X. UyHr.

Jna yumuposanusn: Ampadu A., MoxuraueB B.C. Pazpabotka ekcuKorpadnuecKoi CUCTEMBI IS
C1a0OCTBIMIAINNX YYAINXCS, M3YYAIIUX OCHTaNbCKUi s3BIK. Modenuposanue, onmumusayus u
unghopmayuonuvie mexuonocuu. 2026;14(9). (Ha anrn.) URL: https://moitvivt.ru/ru/journal/article?
1d=2344 DOI: 10.26102/2310-6018/2026.60.9.012

Introduction

The lexicographic documentation of sign languages has its own set of challenges that
differentiate it from the lexicographic' documentation of spoken languages. In the case of
spoken languages, it is relatively easier to create a dictionary because they have a standardized
system of writing. However, in the case of sign languages, it becomes a challenge to document
them in a lexicographic manner. Bengali Sign Language (BdSL), which is used by a huge
number of hearing-impaired people in India and Bangladesh, still remains under-documented
in a lexicographic sense; recent research, however, has proposed an information-theoretic
metric for automated lexicographic selection in BASL [1].

The conventional lexicographic approach to documentation of sign languages becomes
a challenge because it requires a significant amount of time investment in terms of trained
linguists as well as native speakers. In addition to that, it has to take into consideration various
parameters at once. This shows the need for automated tools in lexicography for low-resource
sign languages such as BdSL. Although the system described in this paper is primarily a
lexicographer’s workstation, its main purpose is educational: a comprehensive, phonologically
annotated BASL dictionary will directly support hearing-impaired students learning Bengali
literacy. In the planned educational environment, once lexicographers have built and validated
the dictionary, it will be made available as a learner-facing web and mobile application.
Students will be able to search for Bengali words, view the associated sign videos, examine the
handshapes and movements involved, and engage in exercises to match signs with their
corresponding words.

The present work focuses on the lexicographic backend that makes such a learner
dictionary possible. To build that backend efficiently, recent advances in computer vision and
machine learning offer promising solutions for automating sign language documentation.
Motion capture systems, pose estimation algorithms, and pattern recognition systems can help
speed up the process of identifying and classifying signs.

I McKee R., Vale M. Sign language lexicography. In: International Handbook of Modern Lexis and Lexicography.
Berlin, Heidelberg: Springer; 2017. P. 1-22. https://doi.org/10.1007/978-3-642-45369-4 34-1
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This paper attempts to bridge the gap between what is technologically possible and what
is needed in lexicographic research and development for BASL by suggesting automated tools
and methods for BASL lexicography.

In order to understand the basis for this work, it is necessary to trace the development
of sign language lexicography from the time when the first modern dictionaries were published
in the 1960s. The early dictionaries used pictures and written descriptions, but these were found
to be insufficient for the dynamic nature of sign languages. Johnston's groundbreaking research
on Australian Sign Language [2] created guidelines for sign language lexicography, including
using glosses, phonology, and sentence examples.

There have been several notation systems created for written descriptions of signs.
Stokoe notation, used for American Sign Language, created the first systematic means of
transcribing signs according to handshape, location, and movement. More sophisticated
systems, such as HamNoSys and SignWriting, have been created but require special training.

Lexicographic research in sign languages in South Asia is very limited. Research on
Indo-Pakistani Sign Language has offered basic descriptive insights. Systematic lexicographic
work for BASL is still in its early stages.

At the same time, computer vision for sign language recognition has advanced from
basic glove-based solutions to advanced pose estimation. MediaPipe offers real-time hand
tracking [3], which is being utilized for sign language recognition.

Building on these pose-estimation capabilities, machine learning methods have shown
promising outcomes for isolated sign language recognition. Convolutional Neural Network and
transformer-based methods have shown accuracy rates higher than 90 % on benchmark datasets
for various sign languages. However, these methods rely on large datasets, which are not yet
available for Bengali Sign Language (BdSL). This data gap points to the value of corpus-based
documentation. Sign language documentation using corpus-based methods has seen significant
advancements in projects such as the Auslan Corpus and Corpus NGT [4, 5]. These
methodologies provide a framework for sign language documentation in BdSL.

Despite these advances, several notable gaps remain in the literature. First, a
comprehensive lexicographic system does not exist for the BASL language, despite the large
number of language users. Furthermore, existing sign language lexicography tools are not
integrated with the latest computer vision technology. Lastly, the process of collaborative sign
language lexicography is not well defined.

This research seeks to bridge the gap by developing automated tools for BdSL
lexicographic research.

Materials and methods

The study design used the approach of design-based research, where system
development is integrated with iterative evaluation. The research process consisted of four
phases: requirements analysis, system development, evaluation, and refinement, as depicted in
Figure 1.

Phase 1: Preparation consists of literature review, needs assessment, design and
prototyping. A literature review is essential to understand the existing literature on sign
language education, assistive technology, adaptive learning technologies, and machine
learning-based gesture recognition technologies. This will help in following the best practices
and identifying the gaps in the existing literature in terms of serving the needs of hearing-
impaired students, especially those whose native sign language is a low-resource language such
as Bengali Sign Language (BdSL).
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Needs assessments are conducted to understand the specific needs of the target group.
This phase involves consultations with three key groups of stakeholders:

— Educators (50): Special education teachers and sign language instructors

— Hearing-impaired individuals (100): Potential target groups for the application

— Linguistic experts (30): Linguistics experts in Bengali sign language, Russian sign
language, and English sign language.

For instance, in the process of needs assessment, the needs, requirements, and features
of users were collected through structured surveys and interviews. Analysis of this data was
done through applying a scoring model on the results obtained from the surveys and using
theme coding on the results obtained from interviews in order to identify trends in the collected
data.

Phase 1. Preparation Phase 2: Development Phase 3: Testing
& Analysis
PLATFORM CONSTRUCTION
Literature Review Needs Assessment Pilot
Back-End Study
Front-End sth
& React el Partici
T - i t : JWT
.
A\”‘;?;m_p Authentication
.
v ntesign * RESTAPIs
Research Gap and Objective Defined » % »
Data-Base |

Statistical
Analysis

Integrated Features |
b
Kary Results

Design and Prototyping ‘

v
Phase 4: Refinement

| Iterative Improvement
I

k|
Solutions Implemented: Video Optimization. Enhanced Search. Database
Expansion, ML model tuning
L

¥
Issues Identified: Slow loading. Broken Search, Limited Sign Coverage,
Recogmtion Speed

Final Platform: Web-based Launch, Dedicated Support Team, Continmous Updates 4—‘

Figure 1 — Four-phase research methodology from preparation to refinement
Pucynox 1 — Yetsipe 3Tama MeTO10I0TUH UCCIEIOBAHUS: OT IIOATOTOBKH 10 YTOUHEHUS

The needs assessment with these 180 stakeholders directly informed the system’s
functional and non-functional requirements. Educators (50) emphasized the necessity of a
gloss-based search and exportable dictionary entries for classroom use. Hearing-impaired
individuals (100) prioritized an intuitive interface with sign language video explanations and
the ability to search by uploading a video example. Linguistic experts (30) identified the
phonological parameters (handshape, movement, location, orientation, non-manual markers)
that must be captured in any annotation workflow. These findings were translated into the
design features described in the next section, ensuring that the system’s core modules —
annotation, search, and visualization — were grounded in real user needs. The 180 participants
in this phase contributed solely to requirements gathering; an entirely separate cohort was
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recruited for the subsequent experimental evaluation to avoid bias and to test the system with
fresh users.

For designing and prototyping, some of the considerations in the interface included:

— Annotation Interface. Video playback (random video dataset shown in Figure 2)
controls with frame-by-frame navigation for precise annotation of phonological parameters.

— Search Interface. Multiple search modes including text-based gloss search,
parameter combination search, and example-based search by uploading video.

— Visualization Tools. Graphical representations of handshapes, movement
trajectories, and location relative to body.

— Accessibility Features. Sign language video explanations for interface elements and
keyboard navigation for users with varying technical expertise.

Thus, Phase 1 distilled the needs of 180 stakeholders into concrete design requirements;
Phase 2 builds the platform according to those requirements, while Phase 3 evaluates it with an
entirely separate group of 35 participants, ensuring an unbiased assessment of the system’s
performance.

Phase 2: This stage consists of platform development, Frontend, and Backend
development, database creation, and automatic feature extraction. For platform development,
modern web development technologies were used to design and implement a responsive and
navigable interface. The React framework with the use of TypeScript was utilized to create a
reliable interface. Vite was integrated to enhance development and execution speed. Axios was
utilized to fetch data. Ant Design and React Router were utilized to make the interface
responsive. Features such as keyboard navigation and sign language video explanations were
included in the interface.

Python-based server with RESTful APIs [6] was developed for data management,
annotation processing, and search functionality. JSON Web Tokens were implemented for
secure authentication. PostgreSQL with JSONB fields was used to create a structured database
capable of storing sign language vocabulary items, phonological annotations, user profiles, and
version history. The database (samples are shown in Figure 2) schema supported hierarchical
entry structures and flexible annotation data. Initially populated with 1,000 BASL video entries.
From these 1,000 videos we manually annotated 5,000 distinct handshape instances (each video
contained multiple handshape occurrences, yielding on average five handshape instances per
sign) and 3,500 movement sequences (each sign provided three to four isolated movement
clips). Consequently, the 5,000 handshape instances and 3,500 movement sequences are subsets
derived from the initial 1,000-video corpus.

The platform is built on a client-server architecture, where there is interaction between
the front end and the back end using RESTful APIs, allowing for smooth exchange of
information. The annotation module is designed with well-defined data models for lexical
entries, phonological parameters, and user contributions. There is a version control system for
tracking changes to lexical entries. The video processing pipeline uses MediaPipe Holistic to
extract hand landmarks (21 points per hand), pose landmarks (33 points), and face landmarks
(468 points) from uploaded videos. Feature extraction algorithms compute the following
descriptors, summarized in Table 1.

Machine Learning Modules:

— Dataset Partitioning and Evaluation. The 1,000-video corpus served as the source
data for the machine learning experiments, from which 5,000 handshape examples and 3,500
movement sequences were extracted. Before training the model, the datasets were split into
training and evaluation sets. Instances from the same video were grouped together in the same
set to minimize the chance of information leakage. The evaluation data were not used to adjust
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model parameters and were saved for assessing the final performance. Data augmentation was
only applied during the training phase.

Table 1 — Hand gesture feature descriptors
Tabmmma 1 — JlecCKpunTOphI XapaKTEPUCTHK KECTOB

Feature Description
Normalized joint angles and distances,
Handshape descriptors classified into  reference  handshape
categories

Path, direction, repetition patterns from hand
position changes
Spatial relationships between hands and body

Movement trajectories

Location .
regions
. . Palm and finger orientation relative to
Orientation
reference planes
Temporal features Duration, rhythm, coordination patterns

— Handshape Classification. A ResNet-18 convolutional neural network pretrained on
ImageNet was fine-tuned with a custom classification head (fully connected layer with 45
output units, one per handshape category). The model was trained using categorical
cross-entropy loss and the Adam optimizer with an initial learning rate of 1x10~* and batch size
32. Regularization included dropout (0.5) before the final layer and L2 weight decay of 1x107°.
Data augmentation during training consisted of random horizontal flips, rotation up to +10°,
and brightness/contrast jitter (factor 0.2). The model was trained on 5,000 handshape instances
and achieved a classification accuracy of 87.3 % on the held-out test set.

— Movement Pattern Recognition. A Temporal Convolutional Network (TCN) with
four residual blocks, each with a kernel size of 3 and dilation rates [1, 2, 4, 8], was used to
classify 12 movement types. The model was trained with categorical cross-entropy loss, Adam
optimizer (learning rate 1x107%, batch size 32), dropout (0.4) after each residual block, and the
same L2 weight decay. Input sequences of 64 frames were augmented with random temporal
shifts (£5 frames) and slight Gaussian noise (o = 0.01) on joint coordinates. Training was
performed on 3,500 movement sequences, yielding a test accuracy of 83.7 %.

— Sign Matching. A triplet network with a shared ResNet-18 backbone was trained to
embed sign videos into a 128-dimensional space where similar signs are close. The loss function
was triplet margin loss (margin a = 0.2). The Adam optimizer was used with learning rate
5%107° and batch size 64 (all possible triplet combinations within a batch). At retrieval time,
the system uses a weighted similarity combination: handshape embedding (40 %), movement
embedding (30 %), location (20 %), and orientation (10 %). The model achieved precision@10
0f 0.76 on the test set.

— Annotation Module. The annotation interface was used to allow a user to see
suggestions, remedy annotations, and enter additional informational fields related to each
gesture. Suggestions were integrated with the interface with confidence scores, allowing easy
acceptance of suggestions with single-click approval. Throughout this paper, two types of
lexicographic records are distinguished. An annotated gesture is a sign identified by its core
phonological parameters (handshape, location, movement, orientation, and non-manual
markers) and assigned a gloss. A dictionary entry extends this with additional lexical and usage
information — part of speech, example sentences in Bengali and English, regional variant tags,
usage notes, and a representative video — and passes expert review. The 456 dictionary records
created during the six-month study period are therefore at various stages of completion: some
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contain only core phonological annotations and a gloss, while others include all fields and
expert validation.

Figure 2 — Video dataset sample of random signs in Bengali Sign Language
Pucynok 2 — ITpumMep BEIOOPKH CITy4aiHBIX )KECTOB U3 BHJE0JIaTaceTa OCHTraIbCKOTO dKECTOBOTO
SI3BIKA

— Search Module. Multi-modal search supporting text queries (glosses, descriptions),
parameter combinations (e.g., find all signs with specific handshape and location), and video
examples (upload video to find similar signs).

— Collaboration Tools. Annotation review workflows, commenting features, and
version tracking. Project managers can assign tasks, monitor progress, and approve entries for
publication.

— Export Functionality. Generation of dictionary entries in multiple formats including
structured data for integration with other lexicographic systems.

Phase 3: Testing and Analysis. A separate set of 35 participants, distinct from those in
the requirements-gathering phase, was recruited for evaluation. This ensured that usability and
efficiency were assessed without prior knowledge of the design decisions. The 35 participants
were split across the same three stakeholder groups as the previous phase: 15 lexicography
experts, experienced in dictionary building; 10 linguists who work with BdSL; and 10 hearing-
impaired users of sign language who are native signers. The sample size was constrained by
recruitment feasibility but was sufficient for the planned paired t-tests (o = 0.05). Thus, the 180
individuals from Phase 1 shaped the system’s design, while the separate 35 participants in Phase
3 validated its effectiveness.

Data collection began with a pre-test to judge the participants' pre-existing knowledge
of sign language lexicography and BASL. The participants were asked to undertake four specific
evaluation tasks. For the annotation task, the participants had to annotate 20 unseen BdSL signs
using the system. They also had to undertake the same annotation task, but using manual
annotation. In the search and retrieval task, the participants were asked to search for particular
signs in three different ways, gloss search, parameter combination search, and example sign
search by uploading a video. In the verification task, the participants had to verify the
suggestions made by the system for 30 signs, accepting or rejecting them. Finally, the
participants undertook the System Usability Scale questionnaire and semi-structured interview.

Statistical Analysis. Inter-annotator Agreement (Cohen's kappa) [7]:
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k — pO_pe’ 1
P~ (1)
where, p, is observed agreement and p, is expected agreement by chance.
Annotation Time Comparison. Paired t-test comparing annotation times between
automated-assisted and manual conditions [8].
Effect Size (Cohen's d). Effect size between any two groups will be calculated as
follows:

M;—M,;

d = 2)

where, Mjand M, are the means of the two groups being compared. SDpy01eq is the pooled
standard deviation calculated as:

b
SDpooled

(ny—1)-SD? + (ny—1)-SD2

SDpooled = \/ My A1,—2 s 3)

where, n, — sample size of group 1, n, — sample size of group 2, SD; — standard deviation of
group 1, SD, — standard deviation of group 2.

Linear Regression. In order to predict a continuous outcome (like improvement
measured by test scores) based on predictors (e.g., group level, hours spent on the platform),
this linear regression [9, 10] model was used:

y = Bo+ B1Xy + B2 Xz + ...+ Bi Xy + €, 4)

where, y is the dependent variable (e.g., post-test score), X;, X, ...X) are the independent
variables (e.g., participant's level of sign language knowledge), g is the intercept, 8, B, ... B
are the coefficients for each predictor, € — is the error term.

Phase 4: Refinement. Based on feedback collected during user testing, the application
underwent iterative refinement cycles. Following successful implementation of final
adjustments, the application was launched as a web-based platform accessible to all users. The
study was conducted in accordance with ethical guidelines for research involving human
participants.

Results

For this purpose, the participants used the automated lexicographic system for
annotation of BASL signs over a period of six months, and their performance was compared to
that of manual annotation methods. The results of this study are provided in Table 2.

Table 2 — Summary of key statistical results
Tabmuna 2 — Kpatkoe n3/10’KeHHe OCHOBHBIX CTATHUCTUYECKHUX PE3YJIbTaTOB

Metric Value Significance
Annotation time reduction 67.1 % t(34) =12.43, p <0.001
Manual annotation time 14.3 minutes per sign Baseline
Assisted annotation time 4.7 minutes per sign 9.6 minutes saved per sign
Overall inter-annotator =082 Indicating very high inter-
agreement ) annotator agreement.
Handshape classification N .

87.3 % 45 handshape categories

accuracy
Movement recognition 83.7% 12 movement types
accuracy
Sign matching precision@10 0.76 Relevant in top 10 results
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Table 2 (continued)
Tabnuua 2 (mpoxomKkeHue)

Gloss-based text search success

rate 97.2% Correct sign in top-5 results
Parameter combination search 91.4% Correct sign in top-5 results
success rate
Example-based video search N Uploaded video matches
.. 88.6 % .
success rate (precision@]1) correct sign as top-1
Example-based video search o Correct sign within top-5
. 94.0 %
precision@5 results
Total signs documented 1,847 Six-month period
Dictionary records created 456 Records'at different stages of
completion
Regional variants identified 127 Across four divisions
Previously unrecorded signs 34 New to BASL documentation
System Usability Scale 83.4 Excellent usability
Regression coefficient B=—0.34 p <001

(experience vs. time)

Search performance was evaluated per mode. Gloss-based text search achieved 97.2 %
top-5 accuracy. Parameter combination search (filtering by handshape, location, and
movement) reached 91.4 % top-5 accuracy. For example-based video search, top-1 precision
was 88.6 %, but top-5 accuracy was 94.0 %. Text queries benefit from exact gloss matching;
video retrieval is harder due to signing variation. Reporting separate metrics by mode gives a
more precise picture than the earlier aggregate 94 %.

The 127 regional variants were distributed across four administrative divisions of
Bangladesh (Table 3). For instance, the sign for TEACHER 1is produced as a one-handed tap
on the forehead in the Dhaka region, while signers in Chittagong use a two-handed chest-level
gesture with a slight outward motion. Similarly, the sign for SCHOOL varies in palm
orientation between Rajshahi (palm inward) and Khulna (palm upward).

Table 3 — Geographical distribution of regional variants
Tabnuria 3 — T'eorpaduueckoe pacnpe/e/icHie PerHOHATbHBIX BAPHAHTOB

Division Variants identified Example signs with variants
Dhaka 45 TEACHER, BOOK, THANK-YOU
Chittagong 30 TEACHER, WATER, HELP
Rajshahi 27 SCHOOL, EAT, GOOD
Khulna 25 SCHOOL, DOCTOR, WORK

In addition, 34 signs not previously recorded in any BdSL documentation were
identified. Examples include modern technology terms (SMARTPHONE, WI-FI),
environmental concepts (RECYCLING, FLOOD), and local cultural items (PITHA-CAKE,
RICKSHAW). These signs were verified by at least two native signers and a BASL linguist
before being added to the dictionary as full entries.

The automated system substantially improved lexicographic workflow efficiency. The
Effect of Experience (months) on Annotation Efficiency is shown in Figure 3.
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Figure 3 — The effect of experience on annotation efficiency. Top: Mean annotation time per sign
(minutes) vs. prior lexicographic experience (months). Error bars = +1 within-participant SD. Red
line = linear regression (f =—0.34, p <0.01, R? = 0.41); shaded bands = 95 % confidence (mean) and
95 % prediction intervals. Bottom: Residuals vs. fitted values and normal Q-Q plot
Pucynok 3 — BiusiHue omnbita Ha 3G pekTHBHOCTS aHHOTHPOBaHUsA. CBEpXY: CpeaHee BpeMs
AHHOTHPOBAHMUSI OJTHOTO JKecTa (B MUHYTaX) B 3aBUCIMOCTH OT MPEJIIIECTBYIONIETO
JIeKCHKorpaduyeckoro onbiTa (B Mecsinax). Ilmanku norpemnocreit: =1 SD. Kpacnas nuaus —
perpeccust (B =-0.34, p<0.01, R2=0.41), 3aren€unnie odactu — 95 % moeputenbHbIii U 95 %
npejcKa3areibHblid HHTepBaibl. CHU3Y: IpadMK OCTaTKOB U HOpMaibHbIH Q-Q rpaduk

Linear regression gave f = —0.34 (p < 0.01) and R? = 0.41; experience accounted for
41 % of the variance. Each point is a participant’s mean across 20 signs; error bars show +1
within-participant SD. Shaded bands mark the 95 % confidence and prediction intervals. A
clear downward trend is evident, but individual variability is substantial (mean
within-participant SD = 4.2 min), reflecting realistic empirical scatter rather than an artificially
tight fit.

Discussion

The large decrease in the time needed for annotation shows that using automation in
sign language lexicography is practical. Importantly, the quality of the annotations did not
decrease because of the faster process; in fact, the high level of agreement between different
annotators suggests that automation might actually help make annotations more consistent [11].
Among the different features, handshape and location were the easiest to annotate accurately,
while movement was more challenging, probably because it is a continuous action [12].
Non-manual markers, such as facial expressions, head movements, and body posture, were the
hardest to annotate, highlighting the need for clearer guidelines and better automated tools. The
accuracy of annotations was higher for common handshapes and lower for rare ones, which
aligns with the distribution of data in the dataset. This creates a positive cycle: more data leads
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to better models, which then speed up the documentation process. The sign-matching feature is
also useful because it helps reduce the time needed to search for signs as the lexicon grows.

Comparison with Existing Approaches. Unlike fully automated systems that seek to
replace human decision altogether, the computer-assisted approach taken in this model ensures
adequate human oversight — a necessity in lexicography, where errors in printed dictionaries
can mislead users for decades. By positioning machine learning as a complement to expert
judgement, the system is both efficient and reliable. This philosophy also sets it apart from
existing digital lexicographic platforms for larger sign languages, such as ASL-LEX (American
Sign Language) [13], Auslan Signbank (Australian Sign Language) [14], and the DGS Corpus
(German Sign Language) [15]. Those systems rely on extensive pre-existing resources, large
annotator teams, and mature linguistic descriptions. In contrast, our BASL system was built
from a modest initial corpus of 1,000 videos and a small annotator pool. Its key advantage is
the integration of automated annotation suggestions, which reduced annotation time by 67 % —
a gain not reported for those platforms. Moreover, its multi-modal search (gloss, parameter
combination, and example video) is more flexible than the gloss-centric search typical of
Signbank. However, the system currently lacks the large-scale corpus query tools and detailed
phonological visualisations found in Auslan Signbank and the DGS Corpus, both of which
remain goals for future development.

Limitations. Several factors should be taken into account when understanding these
results. Firstly, the participants were selected from urban areas where access to technology is
good, which might affect how widely these findings can be applied. Secondly, the performance
of the system is influenced by video quality, which can differ in older videos and recordings
made with mobile devices.

The machine learning models were trained using smaller datasets due to limited
resources available for Bengali Sign Language. While the models worked well and offered
useful support, their accuracy could increase if they were trained on larger sets of data.

Lastly, the system was tested over a certain period that was enough to evaluate
improvements in productivity. However, its long-term effectiveness is yet to be confirmed as
documentation needs to change over time. Additionally, the system was built specifically for
Bengali Sign Language and may not work as effectively with other sign languages because of
differences in their phonological systems?.

Conclusion

The purpose of this research was to address a basic issue: how to efficiently document
an under-resourced sign language without compromising quality. The automated processes and
tools developed in Bengali Sign Language lexicography have shown that it is possible to
achieve this goal.

The system developed in this paper marks a significant change in approach to manual
documentation towards computerized lexicography. The use of computer vision to carry out
feature extraction, machine learning to recognize patterns, and database management to store
lexical data enables a significant portion of the process to be automated, freeing lexicographers
to focus on what they are best at: making decisions, disambiguating words, and ensuring
cultural suitability.

What makes this work important is not only the technological successes but also what
they make possible. Comprehensive dictionaries are not merely academic niceties; they are a
necessity for language communities. They will help deaf children learn to read and write, give

2 Satterwhite M., Rudd L.C. Phonology. In: Encyclopedia of Child Behavior and Development. New York: Springer;
2011. P. 1098-1099. https://doi.org/10.1007/978-0-387-79061-9_2150
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us material for interpreter training programs, facilitate linguistic research, and most
importantly, give us a sense of legitimacy and worth as a language. For a language like Bengali
Sign Language, used by millions of people and documented in only limited ways, this
infrastructure has not existed.

The participatory aspect of this work should be noted. When tools are designed for
participation and accessibility — visual media, sign language, lack of written language
dependency — there is the possibility for native signers to be active participants in
documentation instead of merely being subjects. This flips the paradigm for language
documentation from outsiders studying a language community to a community studying itself.

Looking forward, there is no doubt that the models will become more sophisticated as
more data is collected. The mobile tools will allow for expansion into rural areas. The
integration with corpus resources will allow dictionaries to be based on actual usage. The
extension to other sign languages will have a multiplicative effect. None of these tasks require
conceptual leaps; they require dedication and commitment.

The test of success for this work will not be measured by publication figures and
citations, but by whether it contributes to Bengali Sign Language receiving the documentation
it deserves, and whether the methods developed here have value for other sign languages that
are similarly disadvantaged. The findings presented here support an affirmative conclusion on
both counts.
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