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Abstract: Uzbek Sign Language (UzSL) remains underrepresented in machine-learning research, in part because anno-
tated datasets and deployable recognition systems are scarce. This paper develops and evaluates a camera-based,
isolated-sign recognition pipeline for UzSL using a proprietary landmark dataset, and compares a CNN-LSTM baseline
against a Squeezeformer-style Transformer architecture. Over 500 gesture classes were recorded with HD webcams
(1280%720, 30 fps) under varied lighting, background, clothing, and camera conditions, converted to normalized 130-point
landmark sequences, and split 70/15/15 into training, validation, and test sets. The Transformer achieved 91% accuracy
versus 87% for CNN-LSTM, with lower latency (0.58 s vs. 0.72 s), higher throughput (78 vs. 65 gestures/min), and stron-
ger low-light accuracy (83% vs. 76%). A small controlled usability study (n = 10) returned a mean satisfaction score of
4.6/5. These results support attention-based sequence modeling as a promising direction for real-time UzSL recognition,
though the system is currently limited to isolated-sign recognition and has not been evaluated with a signer-indepen-
dent split. We present the dataset and prototype as a reproducible starting point for future continuous UzSL translation
research.

Keywords: Uzbek Sign Language; sign language recognition; CNN-LSTM; Transformer; Squeezeformer; computer
vision; landmark sequences; assistive technology.

Annotatsiya: O'zbek imo-ishora tili (UzSL) mashinaviy o‘rganish sohasidagi tadgigotlarda yetarlicha o‘rganilmagan bo‘lib
golmoqda. Bunga gisman annotatsiyalangan ma’lumotlar to‘plamlari va amaliyotga joriy etishga tayyor imo-ishoralarni
tanib olish tizimlarining kamligi sabab bo‘lmogda. Ushbu magolada xususiy landmark ma’lumotlar to‘plamidan foydalan-
gan holda UzSL uchun kameraga asoslangan, alohida imo-ishoralarni tanib olish konveyeri ishlab chigiladi va baholanadi
hamda CNN-LSTM bazaviy modeli Squeezeformer uslubidagi Transformer arxitekturasi bilan tagqoslanadi. 500 dan ortiq
imo-ishora sinfi HD veb-kameralar (1280%720, 30 kadr/soniya) yordamida turli yorug'lik, fon, kiyim-kechak va kamera
sharoitlarida yozib olindi, 130 ta nugtadan iborat normallashtiriigan landmark ketma-ketliklariga aylantirildi hamda o‘qitish,
validatsiya va test to‘plamlariga 70/15/15 nisbatida ajratildi. Transformer modeli CNN-LSTM modelining 87 foizlik aniqli-
giga nisbatan 91 foizlik aniglikka erishdi, shuningdek, kechikish vaqti pastroq (0,58 soniya, 0,72 soniyaga nisbatan), o‘tka-
zuvchanligi yugoriroq (dagigasiga 78 ta, 65 ta imo-ishoraga nisbatan) va kam yorug‘lik sharoitidagi anigligi yugoriroq (83
%, 76 % ga nisbatan) bo‘ldi. Foydalanish qulayligi bo‘yicha o‘tkazilgan kichik nazoratli tadqigot (n = 10) natijasida o‘rtacha
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gonigish darajasi 4,6/5 ni tashkil etdi. Ushbu natijalar real vaqt rejimida UzSLni tanib olish uchun digqat mexanizmiga aso-
slangan ketma-ketlik modellashtirish istigbolli yo‘nalish ekanligini ko‘rsatadi. Biroq tizim hozirda alohida imo-ishoralarni
tanib olish bilan cheklangan va imo-ishoralarni bajaruvchilardan mustaqil ma’lumotlarni ajratish usuli asosida baholanma-
gan. Biz ma’lumotlar to‘plami va prototipni UzSLning uzluksiz tarjimasi bo'yicha kelgusidagi tadqigotlar uchun qayta ishlab
chigish mumkin bo‘lgan boshlang‘ich asos sifatida taqdim etamiz.

Kalit so‘zlar: O‘'zbek imo-ishora fili; imo-ishora tilini tanib olish; CNN-LSTM; Transformer; Squeezeformer; kompyuter
ko'rishi; landmark ketma-ketliklari; yordamchi texnologiyalar.

AHHOTaums: Y3beKkckuii )ecToBbIv A3blk (UzSL) ocTaeTcs He[oCcTaToMHO NpeAcTaBeHHbIM B UCCNEA0BaHMsSIX B obnactu
MaLUUHHOrO 0BYy4eHus, OTHaCTM M3-3a HEXBATKM aHHOTUPOBaHHbLIX HABOPOB AAHHbLIX U FOTOBbLIX K BHEAPEHWIO CUCTEM
pacnosHaBaHus. B gaHHon cTtaTbe pa3pabaTbiBaeTcs 1 OLEeHMBaETCH OCHOBaHHbIV Ha MCMOMNb30BaHUM KaMepbl KOHBENEP
pacnosHaBaHusa oTAenNbHbIX xxecToB UzSL ¢ npumeHeHem cobCcTBEHHOro Habopa AaHHbIX O KIOYEBLIX TOYKaX, a Takke
npoBoauTcs cpaBHeHve 6a3oBor apxutektypbl CNN-LSTM c¢ apxutektypon Transformer B ctune Squeezeformer. Bonee
500 knaccoB xecToB Obiny 3anucaHbl ¢ nomowpblo HD-Beb-kamep (1280%720, 30 kagpoB/C) B YCMOBUSAX Pas3fMYHOro
ocBelLleHunsi, oHa, ofexabl N NOMOXEeHUS Kamepbl, Npeobpa3oBaHbl B HOPManv3oBaHHbIE MOCMNefoBaTeNbHOCTU 13
130 kntoYeBbIX TOYEK U pasfeneHbl Ha 00y4varoLLyto, BanvaaunoHHY U TECTOBYIO BbIOOpKM B cOOoTHOLEeHun 70/15/15.
Transformer npogeMoHcTpupoBan TouHocTb 91 % no cpaBHeHuto ¢ 87 % y CNN-LSTM, meHbLiyto 3agepxky (0,58 ¢
npotue 0,72 c), 6onee BbICOKYI MPOMYCKHYK CnocobHOCTb (78 npoTuB 65 >xecToB/MWH) 1 Boree BbICOKYHO TOYHOCTb
npn cnabom oceelyeHnn (83 % npotnB 76 %). HebonbLuoe kKoHTponMpyemoe nccrnegoBaHve yaobcrTea ncnonb3oBaHns
(n = 10) nokasano cpegH OLEHKY YAOBNEeTBOPEHHOCTU 4,6/5. lMonyveHHble pesynbTaTbl CBUMOETENbCTBYOT O
NepcnekTMBHOCTA MOLENVPOBAHMSA MOCNEA0BaTENbHOCTEN HA OCHOBE MeXaHu3Ma BHUMaHUS Ans pacnosHaBaHusa UzSL
B PEXMMe pearnbHOro BpeMeHW, OfHAKO CUCTEMA B HACTOSLLEE BPEMS OrpaHMYeHa pacno3HaBaHWeM OTAENbHbIX XKEeCTOB
1 He OLleHVBanach C UCNOMb30BaHNEM pasfeneHns aHHbIX MO NPUHUMMY HE3aBUCUMOCTI UCMONHUTENEN xecToB. Habop
OaHHbIX M NPOTOTUM NPEACTaBIEHbI B KAYECTBE BOCMPOM3BOANMON OCHOBBI AN AanbHEeNWnX NCCnefoBaHvii B obnactum
HenpepbiBHOro nepesoaa UzSL.

KnioueBble cnoBa: y30eKCKMI >KECTOBbIA $3blK; pacrno3HaBaHue xectoBoro s3blka; CNN-LSTM; Transformer;
Squeezeformer; kOMNblOTEPHOE 3pEHME; NOCIEA0BATENBHOCTY KIHOYEBbIX TOYEK; BCOMOraTesibHble TEXHOOMMN.

INTRODUCTION

Communication between deaf or hard-of-hearing people and hearing people is constrained when the two
groups do not share a sign language. Computer vision and deep learning have enabled substantial progress
in sign-language recognition, but research and public resources remain concentrated on comparatively well-
resourced languages such as American Sign Language (ASL). Uzbek Sign Language (UzSL) is considerably
less represented in machine-learning datasets and practical recognition systems.

The underlying challenge is not model selection alone. A working recognition system needs representative
annotated data, temporal modeling of gestures, robustness to changes in signer behavior and recording
conditions, and an interface that can deliver predictions with sufficiently low latency. The present study, based
on a bachelor’s thesis conducted at Central Asian University [1], addressed these requirements by building
an in-house UzSL dataset and a real-time recognition prototype. This manuscript reorganizes that work as a
focused empirical comparison of two model families: CNN-LSTM and a Squeezeformer-based Transformer,
evaluated on the same landmark data.

The central research question is: which of the two evaluated architectures offers a better balance of
recognition accuracy and real-time performance for the collected UzSL landmark sequences? The study’s
contributions are threefold: (1) a proprietary dataset spanning 500+ gesture classes recorded under varied
conditions; (2) a head-to-head comparison of a CNN-LSTM baseline and a Squeezeformer-Transformer model
on the same data; and (3) an integrated prototype demonstrating real-time camera input, gesture-to-text output,
and optional speech synthesis.

The work is deliberately scoped as isolated-sign recognition rather than continuous-language translation.
Natural sign-language communication is contextual and sequential, and the system described here does not
solve sentence segmentation, continuous translation, or broad signer-independent generalization - these are
identified as priorities for future work.

REVIEW OF LITERATURE ON THE SUBJECT

Sign languages are the primary language of an estimated 70 million people worldwide, yet unlike spoken
language they are not universal and vary substantially across linguistic, grammatical, and dialectal lines. Early
sign-language recognition (SLR) systems relied on handcrafted features and hardware such as data gloves
or depth sensors; the shift to standard RGB cameras combined with deep learning has since made SLR more
scalable and affordable.
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CNN-based models have been widely used for extracting spatial features in sign-language recognition,
while LSTM-based models can capture temporal relationships in dynamic gestures [2]. Hybrid CNN-LSTM
designs combine spatial feature extraction with sequential modeling and have been applied to dynamic sign-
language recognition [3], which is consistent with earlier CNN-based approaches to sign-language recognition
more broadly [4].

Transformer architectures represent a distinct mechanism: self-attention models relationships across
distant positions in a sequence and allows parallel processing during training, in contrast to the sequential
computation of RNNs and LSTMs [5]. Attention-based models have also been successfully applied to isolated
sign-language recognition, including approaches based on Transformer architectures [6]. Newer variants
such as Conformer and Squeezeformer, originally developed for speech recognition, combine self-attention
with convolutional modules to capture both long-range dependencies and local temporal patterns, and are
increasingly explored for sign-language translation.

Across this literature, three practical gaps are relevant to UzSL. First, annotated datasets for low-resource
sign languages are scarce, in contrast to well-resourced datasets such as RWTH-PHOENIX-Weather or
MS-ASL for ASL; broader signer diversity and signer-independent evaluation are important for assessing
generalization across different signing styles and recording conditions [7]. Second, most systems, including
this one, concentrate on isolated signs rather than continuous, sentence-level translation. Third, deployment
is often constrained by dependence on specialized sensors, high-resolution processing, or server-side
computation, which limits accessibility in lower-resource settings. These gaps motivate the combined dataset-
construction, model-comparison, and prototype-deployment approach taken here; the study does not claim to
close the continuous-translation gap, but evaluates whether a landmark-based Transformer offers a measurable
advantage over a CNN-LSTM baseline within the collected vocabulary.

RESEARCH METHODOLOGY

Because no public UzSL dataset was available, we recorded a proprietary dataset specifically for this
project. More than 500 unique gesture classes were captured, covering greetings, personal pronouns, basic
questions, common verbs, emotions, and numbers. Each gesture was recorded multiple times per signer using
HD webcams at 1280x%720 resolution and 30 frames per second. The collection protocol varied natural versus
artificial lighting, background contrast, clothing, and camera angle; recording was primarily indoors, with a
limited set of outdoor samples included to assess generalization. Participants were briefed on the recording
protocol and consented to academic and research use of their recordings (Figure 1, 2).

Figure 1. Data-collection setup: signers were recorded against contrasting backgrounds using a tripod-mounted
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Figure 2. Sample of recorded gesture videos as organized on disk, illustrating per-signer, per-gesture file naming
used for annotation?

Videos were annotated manually with Python scripts, storing labels in structured JSON with frame-level
segmentation to support sequence-model training. Metadata for each clip, including signer identity, lighting
condition, and recording angle, was retained to support balanced validation sampling. Each frame was reduced
to 130 normalized landmark keypoints (x, y, z), extracted using a MediaPipe-based perception pipeline [8].

Data augmentation was applied primarily on landmark sequences: temporal resizing, shifting, time-
warping, and temporal masking; spatial left-right flips, affine transforms (scale, shear, shift, rotation), and
spatial keypoint masking; small-magnitude coordinate noise; and a CutMix variant adapted for sequences,
which mixes segments from two landmark sequences along with their target text. The Squeezeformer-based
model additionally used FingerDropout, Face/PoseDropout, and decoder-input masking as further robustness
measures. The dataset was partitioned 70% training / 15% validation / 15% test (Figure 3).

o Nemes o Peams Ry
id video_id text uz text_en id video_id text_uz text_en id video_id text_uz text_en
10001 bir one _ 20001 men | _ 30001 inson person
10002 bir one 20002 sen you 30002 inson person
10003 ikki two 20003 sen you 30003 erkak man
10004 ikki wo 20004 u helshefit 30004 erkak man
10006 uch three 20005 biz we 30005 yigit boy
10007 to'rt four 20006 biz we 30006 ayol woman
10008 to'rt four 20007 siz you 30007 ayol woman
10009 besh five 20008 siz you 30008 qiz qirl
10010 besh five 20009 ular they 30009 qiz qirl
10011 ofti SiX. 20010 ular they 30010 chagalog baby
10012 offi SiX. 20011 mening my 30011 chagalog baby
10013 yetti seven 20012 mening my 30012 cila family
10014 yetfi seven 20013 sizning your 30013 oila family
10015 sakkiz eight 20014 sizning your 30014 ota father
10016 sakkiz eight 20015 qaerda where 30015 ota father
10017 to'qaiz nine 20016 qaerda where 30016 ona mother
10018 to'qiz nine 20017 nimaga why 30017 ona mother
10019 on ten 20018 nimaga why 30018 buvi grandmother
10020 o'n ten 20019 qaysi which 30019 buvi grandmother
10021 o'n bir eleven 20020 qaysi which 30020 bobo grandfather
10022 o'n bir eleven 20021 qachon when 30021 bobo grandfather
10023 o'n ikki twelve 20022 gachon when 30022 opa older_sister
10024 o'n ikki twelve 20023 kim who 30023 opa older_sister
10025 o'n uch thirteen 20024 kim who 30024 singil litle:_sister
10027 on to'rt fourteen 20025 nima uchun why 30025 singil litle_sister
10028 o'n to'rt fourteen 20026 nima uchun why 30026 aka older_brother
10029 o'n besh fifteen 20029 tez_tez often 30027 aka older_brother
10030 o'n besh fifteen 20030 tez_tez often 30028 uka litle_brother

Figure 3. Excerpt of the annotated dataset, showing UzSL and English gloss pairs across three example vocabulary

1 Source: Author’s own work.
2 Source: Author’s own work.
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groups (numbers, pronouns, family terms)?

The baseline follows a two-stage design: convolutional (or, for landmark input, 1D-convolutional/dense
per-timestep) processing first transforms frame-level features, after which LSTM layers model temporal
dependencies; a final dense/softmax layer produces the predicted sign. CNN-LSTM was chosen as a
comparatively simple, well-established temporal baseline against which the attention-based model could be
measured, following prior demonstrations of CNN-LSTM effectiveness for gesture recognition tasks involving
structured movement such as sign language [4].

The primary model uses multi-stream landmark feature extraction, a Squeezeformer-style encoder, a
Transformer decoder, and an auxiliary confidence head. An “all-landmarks” branch processes all 130 keypoints
through 2D convolution, batch normalization, SiLU activation, and a fully-connected layer, producing a
208-dimensional feature vector per frame. Four region-specific branches (face, left hand, right hand, pose)
each apply the same operations to their respective keypoint subsets, each yielding a 52-dimensional vector;
their concatenation (208-D) is added element-wise to the all-landmarks output to form the 208-dimensional
per-frame encoder input, with sequences padded or resized to a maximum training length of approximately 384
frames (Figure 4).

All Encoder \

Normalize
Conv2d
BN + SiLU
Flatten + FC

ueezeformer Block

Landmark Idx

(o] o

Feed Forward Module

Face

Normalize
Conv2d
BN + SiLU
Flatten + FC

LHand
Normalize
Conv2d
BN + SiLU
Flatten + FC

MHA Module

RHand

Confidence:
0.8

Normalize
Conv2d
BN + SiLU
Flatien + FC Decoder

Transformer Decoder -
I Prediction:
Pose ayer
Normalize scales/kuhaylah
c Transformer Decoder
onv2d
BN + SiLU Layer

Flatten + FC

Figure 4. Multi-Stream Squeezeformer-Transformer architecture, taken from the source thesis*

The encoder stacks 14 Squeezeformer blocks, each combining multi-head self-attention (using rotary
positional embeddings), a depth-wise convolutional module for local temporal patterns, and position-wise
feed-forward layers in a macaron-like arrangement with residual connections and post-layer normalization. A
two-layer Transformer decoder generates the output text via masked self-attention and cross-attention to the
encoder output. An auxiliary linear head predicts a confidence score from the encoder representation.

Training used an Adam/AdamW optimizer with a cosine learning-rate schedule (approximately 400
epochs, a peak learning rate of 0.0045, and a 10-epoch warm-up), weight decay of approximately 0.08,
dropout of approximately 0.1 in the encoder and decoder, mixed-precision (fp16) training, and attention
masking for variable-length sequences. The primary loss was cross-entropy on the decoder output, with an
auxiliary reversed-sequence cross-entropy term, and a regression loss (mean squared error or L1) trained the
confidence head against a normalized edit-distance target.

Performance was assessed using accuracy, inference latency, throughput, low-light accuracy, confusion-

3 Source: Author’s own work.
4 Source: Author’s own work.
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matrix analysis, and where applicable to sequence output - edit distance / CER / WER and F1, following
standard practice for classification and sequence-evaluation reporting [9]. The prototype was tested on 120 pre-
recorded sign sequences under controlled lighting and 300 real-time samples under varied conditions. Latency
was measured with Python’s timeit and JavaScript’s performance.now(); accuracy and F1 were computed with
scikit-learn [10]. Table 1 summarizes the evaluation setup (Table 1).

Table 1. Summary of dataset, representation, and evaluation protocol®

Item Value / Description

500+ isolated UzSL signs (greetings, pronouns, questions, verbs, emotions,

Gesture classes
numbers)

. HD webcams, 1280x720 px, 30 fps, mixed indoor/outdoor, varied lighting and
Recording setup

clothing
Landmark representation 130 keypoints/frame; 5-stream extraction (all, face, left hand, right hand, pose)
Split 70% train / 15% validation / 15% test

120 pre-recorded sequences (controlled lighting) + 300 real-time samples (varied
Test sets "

conditions)
Usability study n = 10 (project team + coursemates); mean satisfaction 4.6 / 5

A web client (Next.js, Tailwind CSS, Radix Ul) captured live webcam input in-browser and streamed
frames asynchronously to a FastAPI backend over WebSockets; the server hosted the recognition model and
returned predictions to the client in real time. The front-end was evaluated for screen-reader and keyboard-only
navigation against the Web Content Accessibility Guidelines (WCAG) 2.1 [11]. Text-to-speech used the Google
Cloud Text-to-Speech API with English and Uzbek voice options [12], and the server was containerized with
Docker for deployment consistency. A companion Flutter mobile application, Signly.uz, offered gamified UzSL
learning with offline recognition for a subset of signs via TensorFlow Lite.

ANALYSIS AND RESULTS

Table 2 reports the comparative results from the source thesis. The Transformer model outperformed the
CNN-LSTM baseline on every reported metric: higher accuracy, lower inference latency, higher throughput, and
higher low-light accuracy (Table 2; Figure 5; 6).

Table 2. Comparative performance reported in the source thesis®

Metric CNN-LSTM Squeezeformer-Transformer
Accuracy 87% 91%
Reported inference latency 0.72s 0.58s
Throughput 65 gestures/min 78 gestures/min
Low-light accuracy 76% 83%
5 Source: Author’s own work.
6 Source: Author’s own work.
t.me/scupus_IST2100 https://ist-journal.uz
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Figure 6. Reported inference latency and throughput by architecture®

Low-light conditions reduced model confidence for both architectures, motivating additional nighttime
recordings and integration of MediaPipe-based hand segmentation [8]. Visually similar gestures, for example,
the UzSL signs for “thank you” and “sorry” produced confusion in both models; this was partially mitigated
by adding training examples for the affected classes and introducing temporal confidence thresholds. Both
architectures degraded when a signer’s hands left the webcam’s field of view, pointing to a need for improved
hand tracking and on-screen user guidance.

Ten participants took part in a controlled usability study: project team members who had learned a subset
of UzSL signs, and coursemates who were instructed on a set of predefined signs the model could recognize.
Participants rated ease of use, responsiveness, and translation output; mean satisfaction was 4.6 out of 5,
and the interface and voice-feedback features were generally well received. A few participants described the
synthesized voice as somewhat robotic and suggested that a more expressive TTS model, such as Tacotron
2, could sound more natural [13]. Because the participant group was small and drawn largely from people
connected to the project rather than fluent UzSL signers or deaf and hard-of-hearing community members, this
result is better read as a prototype usability signal than a representative usability claim.

The prototype demonstrated an end-to-end path from webcam capture through landmark processing,
model inference, text output, and optional speech synthesis. Caching repeated text-to-speech phrases reduced
average synthesis latency by 40%. The companion mobile app achieved acceptable recognition on its tested
subset of signs but showed longer initial load times on lower-end Android devices; its gamified structure (XP,
streaks, quizzes) was associated with repeated daily engagement during testing, consistent with literature on

7 Source: Author’s own work.
8 Source: Author’s own work.
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gamification’s motivational effects on learning [14].

The main finding is that the Squeezeformer-Transformer architecture outperformed the CNN-LSTM baseline
across every reported metric: a four-percentage-point accuracy gain (91% vs. 87%), a latency reduction from
approximately 0.72 s to 0.58 s, a throughput increase from 65 to 78 gestures/min, and a low-light accuracy
improvement from 76% to 83%. These results are consistent with the general rationale for attention-based
sequence modeling, in which self-attention captures relationships across a sequence without relying solely on
recurrent state propagation.

The results should nonetheless be read within the boundaries of the experiment. Both models were
evaluated on a proprietary, project-collected dataset whose exact per-class video counts, signer-level split
strategy, and hardware configuration are not fully specified in the source thesis. If frame or sequence splitting
was performed randomly rather than by signer, samples from the same signer may appear in both training
and test subsets, which can overestimate generalization to unseen signers. A stronger benchmark for a future
version of this work would enforce signer-independent train/validation/test partitions and report class-balanced
precision, recall, macro-F1, confidence intervals, and per-signer breakdowns.

The dataset itself is a contribution independent of model architecture, since the shortage of structured
UzSL data is a bottleneck for the field regardless of which model is used. However, 500+ gesture classes
does not by itself guarantee linguistic or demographic coverage: regional signing variation, signer-specific
movement, occlusion, and specialized vocabulary remain open limitations, and the current system addresses
isolated words rather than continuous, sentence-level signing. The reported 91% accuracy should therefore be
understood as performance within this isolated-sign evaluation setting, not as a claim about unrestricted natural
UzSL conversation.

From a deployment standpoint, relying on ordinary webcams and software-only processing avoids
specialized gloves or depth sensors, and separating capture from inference in the web architecture supports
future scaling. At the same time, server-side inference introduces a dependency on connectivity and compute
resources; the TensorFlow Lite mobile path points toward an edge-deployment alternative, but additional
benchmarking is needed to establish whether the full pipeline can run efficiently on low-end devices.

The 4.6/5 usability result is encouraging for an early prototype but, should not be generalized. A more
representative study would include fluent UzSL signers, deaf and hard-of-hearing users, hearing users with
varying sign-language knowledge, and participants from different regions of Uzbekistan, together with task-
completion time, per-participant error rate, and standardized usability instruments.

Relative to other camera-based sign-language tools, such as commercial hand-tracking SDKs (e.g.,
SignAll) [15], the system’s main point of differentiation is language coverage: it is purpose-built for UzSL rather
than adapted from an ASL-first product, which matters for a language with essentially no existing commercial
support. This localization value should be weighed against the fact that commercial SDKs have typically been
validated on far larger and more diverse datasets than the one used here.

Several limitations should be addressed before broader publication or deployment:

Isolated-sign scope: the system recognizes individual signs rather than continuous, sentence-level UzSL,
which is linguistically and grammatically distinct from a word-by-word gloss.

Dataset availability and documentation: the dataset is proprietary and not publicly released; exact class
distribution, per-class sample counts, and signer demographics require fuller documentation.

Usability sample: the study included only ten participants, drawn largely from the project team and
coursemates rather than the deaf and hard-of-hearing community the system is intended to serve.

Robustness: background interference and hands leaving the camera frame remain sources of error for
both architectures.

Generalization: regional and signer-specific variation can reduce accuracy for signers outside the training
distribution, and this has not been evaluated with a signer-disjoint split.

Future work should prioritize: (1) signer-independent evaluation with disjoint train/validation/test splits by
signer identity; (2) dataset expansion with regional variants and specialized (e.g., medical, legal, educational)
vocabulary; (3) continuous sign segmentation and sentence-level translation, drawing on continuous sign-
language translation research [16] and CTC-based alignment techniques [17]; (4) more rigorous reporting of
CER/WER, macro-F1, and confidence intervals; (5) stronger 2D/3D hand and pose tracking (e.g., OpenPose) to
reduce field-of-view errors [18], together with facial-expression recognition (e.g., via OpenFace) to capture the
non-manual component of signing [19]; (6) model compression and quantization for efficient edge deployment
[20]; and (7) sustained collaboration with UzSL linguists and deaf and hard-of-hearing community members
on annotation quality, linguistic validity, and external evaluation, in line with best practice in deaf-education
research [21].
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CONCLUSIONS AND SUGGESTIONS

This study presents a camera-based UzSL recognition pipeline and a direct comparison of CNN-LSTM and
Squeezeformer-Transformer architectures on a proprietary, 500+ class landmark dataset. Within the reported
experimental setting, the Transformer model achieved 91% accuracy versus 87% for CNN-LSTM, together
with lower latency, higher throughput, and stronger low-light accuracy, and the accompanying prototype
demonstrated a complete pipeline from webcam capture to spoken output. These findings support attention-
based sequence modeling as a promising direction for low-resource sign-language recognition, but they do
not establish readiness for unrestricted conversational translation. The most important next step is not simply
increasing model complexity, but building a larger, better-documented, signer-independent, and linguistically
validated UzSL dataset, and evaluating continuous signing under realistic conditions for which this study
provides a practical, reproducible starting point.

Participants in the source project were briefed on the recording protocol and consented to academic and
research use of their recordings. The dataset is proprietary to the project team and is not released with this
manuscript.
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