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Abstract—Sign Language Recognition (SLR) has emerged as an important research area at the intersection of computer vision and
deep learning, and human and machine interaction with an objective of enabling effective communication between deaf and hearing
communities. Recent advances in deep learning have improved the performance of vision-based Sign Language Recognition
systems, particularly by using hybrid architectures that combine spatial features extraction and temporal sequence modelling. The
goal of this review is to provide a overview of the recent developments in hybrid Vision-based Sign Language Recognition and to
examine the advantages, limitation and practical deployment challenges of the current approaches. This paper provides a systematic
review of the literature, the surveyed methods broadly classified into CNN-LSTM architectures, Transformer-based models and
multimodal integrated frameworks which integrates visual and skeletal information. This review further investigates critical
challenges affecting the deployment in real-world scenarios which includes domain shift, data scarcity, co-articulation, sign
ambiguity and computational constrain. We will also discuss about emerging research direction such as self-supervised learning,
cross-linguistic transfer learning, generative domain adaptation, multimodal bio signal integration, and community-centered
dataset development. This survey also highlights the significant progress achieved in continuous sign language recognition while
identifying the remaining technical and practical barriers that must be removed to develop robust, scalable, and user-independent
SLR systems capable of operating in real-world environments.
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I INTRODUCTION [4],[5],[(“?]. This rich multimO(_jaI structure makes SLR a
challenging task for deep learning systems.

Sign Language acts as the primary means of For a machine to comprehend sign language in real time, it
communication for nearly 70 million people worldwide [1]. faces a problem that neither speech recognition nor gesture
For example, American Sign Language (ASL) is the recognition fully prepared it for. Speech recognition deals
primary language of around 500,000 individuals in United with one-dimensional gesture over time. Static gesture
States and Canada [2],[3]. Though being used within the recognition deals with spatial information in a single frame.
large English-speaking communities, ASL is differs Sign language requires both simultaneously — and the
linguistically from spoken English and posses its own meaning of a sign language can change entirely based upon
grammatic structure. Sign language should not be viewed the direction of the hand movement, the speed of
as a simplified version of the spoken language, rather it is performance, the position of the non-dominant hand, or the
a complete and independent natural language with its own alignment of the person's face. [6],[7]

phonology, morphology, syntax and pragmatics. The
meaning is conveyed through the interaction of multiple
visual and spatial components, which includes hand form,
orientation, movement path and even facial expressions

This is the main motivation behind hybrid architectures: no
single model type is able to handle all of these dimensions
accurately. Convolutional Neural Network (CNN) is
efficient at reading the spatial configurations within an
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individual frames but it is unsighted to motion over time.
Long Short-Term Memory network (LSTM) helps tracking
the temporal sequences well but it only depends up clean,
well-obtained spatial features. Putting them together, we
get the combination that is able to solve the problem.

[81.[9].[10]

In recent times, Transformer-based architectures, which are
formerly developed for language modelling, have proved
that the self-attention mechanism handovers remarkably
well towards video sequences. Models such as Sign
Language Transformers [11] and Swin-MSTP [12] have set
new standards on continuous recognition tasks, which
outperforms CNN-LSTM approaches by a considerable
margin on translation metrics.

This paper reviews the field with a focus upon what
practically matters. For instance, the accuracy under real-
time conditions, robustness across different person who
does sign and their environments, and the gap between
target numbers and deployed systems. We have traced the
evolution from handmade features through deep learning,
observed each major architectural models, and identified
the open problems that the field has not yet resolved. [4],
[7]

Il. LITERATURE REVIEW

A. The Rule-Based Era

The first generation of an automated SLR systems was built
almost entirely by hand [13]. Researchers had extracted
visual features such as edge gradients via Histogram of
Oriented Gradients (HOG), local texture descriptors by
means of Scale-Invariant Feature Transform (SIFT), and
optical flow to capture movement, and wrote precise rules
mapping those features to sign classifications. As Shahin
and Ismail [4] mentioned in their study, these systems had
worked reasonably within strict and controlled conditions
but fell quickly when any of the variables changed. For
example, different background or different skin tone or a
window behind the person signing, any of these could
reduce performance significantly. Therefore, there was no
actual leaning by the machine; the model only learnt what
it had been programmed to identify.

B. Probabilistic Sequence Models

After the rule-based era came the introduction of Hidden
Markov Models (HMMs). It brought in a genuine change
in concepts. Rather than the firm rules, HMMs represented
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the natural variability in showing how any assumed sign
may be produced as probability distribution over any
sequence of observations. As HMMs are able to process
time-series data with variable temporal lengths and
discount timing variations through the use of skipped-states
and same-state transition, they are widely used in
continuous speech recognition [14]. Mittal et al. [15] traced
the influence of HMMs on continuous SLR systems,
noticing that their ability to handle variable-length
sequences and differences in timing between the signers
made them drastically more robust than the rule-based
predecessors. Dynamic Time Warping (DTW) presented a
complementary approach, allowing the systems to compare
sequences of various lengths by warping the time axis
[16],[17]. Both methods were factual improvements, but
they depended totally on the quality of the features
provided to them and those features were still hand-made
[13]. The representation constriction remained.

C. The Deep Learning Transition

The arrival of deep learning eliminated the representation
constrictions. Because CNNs are able to learn their own
features directly from raw pixel data; they also are capable
of discovering which visual patterns were actually
predictive of which signs without specifying them
[18],[19]. As Jiang [6] reviews, the evolution happened
rapidly as soon as GPU (General Processing Unit)
hardware became available. CNN-based systems
outperformed hand-made approaches on most of the
standard benchmarks within a few years of the deep
learning trend hitting computer vision widely [20],[21].

But CNNs were built for images and not videos. They can
only see one frame at a time; with no memory of whatever
came previously. For isolated sign recognition, classifying
a single, pre-segmented gesture, this is often sufficient. But
for continuous recognition, where signs coincide each other
and boundaries must be deduced from the signal itself, it is
not sufficient [22]. Thus, the hybrid CNN-LSTM
architecture became the field's first significant answer to
this problem [22]. This uses the CNN for extracting the
spatial features frame by frame, then feed these features
into an LSTM for modelling the temporal evolution of the
sign [24]. Walter et al. [7] provided a useful overview of
how this transition have reshaped evaluation benchmarks
and deployment potentials across the field.
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D. The Transformer Era

The introduction of Transformer architectures to SLR
represents the most noteworthy change since the progress
of deep learning [24]. Camg0z et al. [11] demonstrated in
their landmark 2020 work that sign language recognition
and translation can be handled together in a single end-to-
end Transformer model, which in result noticeably
improves on LSTM-based translation baselines on the
PHOENIX-2014T benchmark. The key insight is that self-
attention can directly link any two frames in a sequence,
regardless of how far apart they are [25]. This is a structural
advantage for continuous signing, where the definition of a
current gesture may depend on something that has been
signed many frames prior to it. Following architectures
including the Swin-MSTP [12] and the Spatial-Temporal
Transformer [26] have widened this further by introducing
the mechanisms to manage both local and global temporal
structure at the same time.

1. SPATIAL FEATURE EXTRACTION

It is necessary that before a system can understand what a
sign means, it must learn to understand what the hand looks
like in the given frame. This is considered as the spatial
feature extraction problem, and it seems to be harder than
it appears. The same hand form or gesture can look very
different based on lighting or camera angle or skin tone or
background or even based on the position of the non-
dominant hand. A suitable spatial feature extractor is the
one that captures what actually matters such as the
geometric configuration of the hand and disregards what is
not significant. [6], [27]

A. Convolutional Neural Networks

CNNs have become the default spatial backbone for
virtually all modern vision-based SLR systems [28]. Their
hierarchical architecture that includes learning edges at the
shallow layers, shapes at the intermediate layers, and
complex part configurations at the deeper layers, suits the
problem naturally [29]. Pandey et al. [27] demonstrated this
hierarchy clearly in their Indian Sign Language translation
system, presenting how the successive convolutional layers
gradually abstract from raw pixel intensities to hand-
configuration representations which are largely indifferent
to superficial visual variation.
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The balance between accuracy and cost of computation is
essential and vital for every practical system. Deep
architectures like ResNet-50 or ResNet-101 performs well
on standard test but are too slow for real-time deployment
any embedded hardware [30]. This enhanced significant
research endeavors toward other lightweight alternatives.
Trpcheska, Zevnik, and Bader [31] researched
MobileNetV2-based systems that runs directly on STM32
microcontroller, a kind of chip found in embedded devices,
not phones, and achieved an F1-score of 0.865 at a response
time of 103 milliseconds per frame. That is considerably
fast enough for a natural conversation flow. MobileNetV2's
key innovation which is depth wise separable convolutions
accomplished a similar computational result to typical
convolutions in roughly 8 to 9 times fewer operations [32].

In addition to all attention mechanisms have been merged
into CNN architectures to improve their perception on
complex signs without adding any significant operations
[10]. Kumari and Anand [8] showed that adding a channel-
wise attention layer to a ResNet backbone by effectively
teaching the network to weight its own feature maps by
their significance, that resulted in improved classification
accuracy on WLASL-100 while retaining inference time
feasible for real-time use. Kazbekova et al. [10] found
parallel benefits from spatial attention in the lightweight
CNN-BILSTM system, here the attention mechanism
trained to concentrate computation only upon hand regions
and basically ignores the torso or any other parts of the
body and the background.

On the other hand, Neural Architecture Search (NAS) gives
a different philosophy which states that rather than a
researcher choosing the architecture, an automated
algorithm searches among the possible CNN configurations
to find the one that is reliable in meeting a given constraint
which can be a specific accuracy target or a latency budget
or a memory limit. Walter et al. [7], in his survey went
through numerous NAS-derived SLR models and found out
that they consistently outperformed hand-designed
architectures of comparable computational cost in a
constrained deployment scenario.

B. Vision Transformers

Now we will come to the Vision Transformers (ViTs).
These take a radically different approach to spatial feature
extraction. In this approach, rather than processing the
image through a hierarchy of local convolutions, ViTs
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divides the image into grids of fixed-size patches and then
process those patches with Transformer encoder, allowing
each patch to apply attention to alternate patch in a single
operation [26]. This gives the ViTs an advantage on the
tasks where global context matters. For instance, in
understanding how the configuration of one part of the
hand can relate to the configuration of another.

Furthermore, Aly and Fathi [33] demonstrated a hybrid
CNN-VIT architecture for ASL recognition that achieved
99.97% accuracy at 110 frames per second which delivered
a result that is concurrently near-perfect and real-time,
which was considered as a trade-off prior to this. The CNN
component handled the low-level feature extraction
competently, while the ViT component picked up the
global spatial relationships which the CNN's local receptive
fields would otherwise overlook. More recently, B.
Alexander et al. [34] enhanced the ViT approach to video,
using Video Vision Transformers (ViViTs) for word-level
sign recognition and showed modelling temporal
relationships through attention rather than through
recurrence. This achieved competitive results without the
need of training the instabilities that are associated with
deep LSTMs.

C. Landmark-Based Versus Pixel-Based Approaches

Due to recent advances, a fundamental divergence in the
SLR spatial systems. Perhaps you may provide the model
raw RGB frames, or you may first extract a defined and
systemized skeleton of key points and operate upon it?
Each approach has authentic advantages; therefore, the
optimal choice remains unresolved [35].

Hemanth et al. [36] demonstrated that MediaPipe based
landmark extractions, which maps the hand and face into
3D skeletal coordinates, thus can achieve about 90%
accuracy on sign language recognition by even using a
classifier as simple as Random Forest. The reasons are
transparent as a skeleton is largely invariant to lightings,
skin tones, background, and even the camera quality. It
represents precisely the information that differs one sign
from another sign, with almost all of the visual noises are
excluded. This is significantly a practical advantage for the
deployment on edge devices where the computation is
scarce.

The disadvantage in this is that the skeletons are
representations so they discard key information. For
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instance, the precise texture of palm, the contact between
the fingers, the slight curl of the knuckle; these all cues can
differentiate between signs that share the same skeletal
configuration, and that are invisible to landmark based
systems. Pol et al. [37] conducted a direct comparison of
landmark based systems and pixel-based systems on a same
dataset and found that pixel-based models outperformed
landmark based models on signs that required fine grained
spatial distinctions, while landmark based models were
more robust across environmental.

Abdullahi and Chamnongthai [38] proposed a middle
ground stating that rather than choosing between raw pixels
and negligible skeletons, they extracted prosodic (element
of speech such as rhythm, intonation, pitch and stress etc.,)
and angle features from the skeletal data; that is it captures
not only where the hand is, but also the angles between the
joints, and also the velocity of hand movement, and the
rhythmic form of the signs. Their sequential learning
approach on these landmark-derived features achieved
around 98% accuracy on an ASL word recognition task.
This suggested that rather than the contrast between
landmarks and pixels, the question of which features to
extract from a given representation appears have more
importance.

D. Performance Gap: Isolated Versus Continuous
Signing

Amongst all other findings, one of the most reliable
findings in the SLR literature is that the systems which
performs well on an isolated sign recognition worsens on
continuous recognition, often significantly. Kumari and
Anand [8] demonstrated this directly. Their CNN-LSTM
attention model achieved an accuracy of 84.65% on
WLASL-100 (World Level American Sign Language)
continuous signing, contrasting with the typical 87 to 93%
accuracy seen in the same architecture operated on isolated
sign tasks. Hemanth et al. [37] also observed a similar
pattern among multiple baseline models.

The gap reflects significant linguistic complexity. In
continuous signing, signs do not have clear boundaries. The
end of one sign influences the beginning of the next sign.
This phenomenon is called co-articulation, and it is
analogous to the way the spoken words blend together in a
natural speech [14],[39],[40]. A model that has been trained
to classify pre-segmented isolated signs has no clear
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mechanism for handling this as it was tasked for them. The
spatial features that it learned were clean and the features it
faces at deployment are not clean. Walter et al. [7]
identified this performance gap as one of the primary
barriers between the current research systems and
deployment that are ready for real-time.

IV. TEMPORAL MODELLING AND
SEQUENCE LEARNING

To understand the spatial configuration of hand in a single
frame is considered necessary but not sufficient. Sign
language meaning is mostly executed in motion, that is, in
the path a hand traces, the speed of a hand gesture, or the
rhythm of a recurring movement. The temporal component
of a SL recognition system is mainly responsible for
extracting this key information from the sequences of
frames. [38], [41], [37]

A. Lstm-Based Temporal Models

Long Short-Term Memory networks were amongst the first
deep learning architectures that were applied to SLR
temporal modelling, and they still remain widely used
[42],[43]. Their gating mechanism, such as the input,
forget, and output gates that regulate the flow of
information through the network, allows them to retain
memory over different sequences of varying length while
selectively neglecting information that is no longer relevant
and necessary.

Abdullahi and Chamnongthai [41] verified the
effectiveness of multi-stacked Bidirectional LSTMs for
ASL word recognition, achieving roughly 98% accuracy by
processing sequences both forward direction and backward
direction simultaneously. This bidirectional architecture is
particularly well suited for sign recognition because the
meaning of a current hand configuration often can be
influenced by both what had come before and what may
come after. Mittal et al. [15] showed that modified LSTM
architectures combined with a Leap Motion hand tracking
data could achieve robust results on continuous recognition
tasks, and also demonstrated that the architecture is flexible
enough to handle non-camera input sensory system as well.

The limitations of LSTMs become very apparent in any
long continuous signing sequences. The vanishing gradient
problem which means where backpropagating gradient
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signal becomes exponentially small over many time steps
making learning difficult, this means that LSTMs
effectively lose memory of what occurred more than about
100 frames ago. This is acceptable for short and dense
vocabulary tasks. For extended continuous signing tasks, it
is a real limitation. Baihan et al. [9] addressed this through
the hybrid optimisation, combining the CNN spatial
features with the LSTM temporal modelling and then
applying a hybrid evolutionary gradient optimiser
(CNNSa-LSTM) that improves training stability on long
continuous sequences. Paul et al. [45] similarly found that
Adam-optimised CNN-LSTM systems converged faster
and generalised better than standard Stochastic Gradient
Descent (SGD)-trained alternatives, suggesting that the
procedure for optimisation matters as much as the
architecture for real-world deployment.

B. 3d Convolutional Networks

Now we will see about the three-dimensional
Convolutional Networks (3D-CNNs), it takes a diverse
approach to temporal modelling. Rather than handling a
sequence frame-by-frame and gathering temporal memory
in a recurrent state, it treats a short video clip as a three-
dimensional data volume ( height x width x time) and the
learned three-dimensional convolutional filters are then
directly to this volume. This enables the network to learn
spatial and temporal patterns as a single operation, without
separating them processing into two different stages.

Sharma and Kumar [45] used 3D-CNNs specifically to
ASL recognition (ASL-3DCNN) and found out that the
architecture captured significant motion distinctions
between similar signs more reliably than the 2D-
CNN+LSTM baselines. But this cost high for the
computational load, nearly 190 milliseconds per clip. Pol et
al. [38] conducted a systematic one to one comparison of
LSTM and 3D-CNN methods on the same continuous
recognition task. He found that 3D-CNNs outperformed
LSTMs on gestures where the main information was passed
in the motion, while LSTMs outperformed 3D-CNNs on
longer sequences where temporal context mattered most.
The practical implication is that neither of the architecture
takes lead unconditionally, therefore, the best choice hinge
on the sign vocabulary and the constraints in the
deployment.
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C. Transformer-Based Temporal Models

Now transformers have become the dominant architecture
for long-range temporal modelling in SLR, replacing
LSTMs [46]. The fundamental advantage of the
Transformer is its self-attention mechanism, it means that
it can directly relate any two-time steps in a sequence with
constant-time operation, in spite of their distance [47].
Whereas an LSTM needs to spread information through
each and every intermediate steps to link frame 1 to frame
100, but a Transformer can be directly joined to any frame
from any other frame [46].

Camgoz et al. [11] demonstrated this advantage decisively
in their Sign Language Transformers paper (2020). By
treating continuous sign language recognition and
translation as a single task that is the model is trained to
produce both a sign language recognition output and
translation by word level simultaneously. And the result
was that they achieved BLEU-4 scores on PHOENIX-
2014T that significantly outdone the previous
breakthroughs. Cui et al. [26] extended this with spatial-
temporal Transformer that gives separate attention heads to
spatial and temporal dimensions, enabling the model to
give its attention mechanisms for each type of information
rather than merging them.

Alyami and Lugman [12] introduced Swin-MSTP, which
combines Swin Transformer backbone with multi-scale
temporal perception module that handles temporal
information at multiple time resolutions simultaneously.
The awareness behind multi-scale temporal processing is
that sign language contains structures at multiple
timescales such as individual phoneme-level hand
configurations changes at one speed, while sign-level
gestures and sentence-level rhythms changes at different
speed [14]. By processing all of these simultaneously,
Swin-MSTP more than twice the BLEU-4 baseline scores
of previous CNN-LSTM approaches on PHOENIX-2014T.
Kiran et al. [48] found out similar advantages when relating
Transformer-based architectures to sign language
translation tasks over multiple vocabulary sizes.

For under-resourced sign languages where labelled training
data is scarce, the standard supervised Transformer
approach faces obvious limitations [49]. Aloysius,
Kalaiselvi Geetha, and Nedungadi [50] addressed this
through unsupervised pretraining: a Conformer model
(which combines convolutional and self-attention layers) is
first trained on large amounts of unlabelled signing video
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to develop general sign language representations, then fine-
tuned on the small labelled dataset available. The results
showed substantially stronger cross-domain generalisation
than purely supervised baselines, suggesting that self-
supervised pretraining may be the field's most practical
path forward on data-scarce tasks.

V. REAL-TIME PREDICTION STABILITY

A system that achieves high accuracy on a test set but
produces erratic predictions in a live video stream is not a
useful system. Frame-to-frame noise is a pervasive problem
in deployed SLR, and addressing it is as important as
maximising raw accuracy. [36]

A. The Flickering Problem

Zuo, Wei, and Mak [51] described a problem called the
flickering problem in continuous SLR. Since models are
evaluated on each frame or small segment independently,
any variations in lighting, or hand position, or camera
motion can cause the prediction to change of flicker rapidly
between the adjacent classes. The output of the system’s
best prediction changes numerous times in a second, which
makes the output uncomprehensible and destroys the
confidence in the system. This problem is particularly
serious during sign transitions, where the hand is in an
intermediate gesture that does not cleanly match to any
sign.

B. Exponential Moving Average

The most common solution is Exponential Moving
Average (EMA) smoothing, applied to the model's output
probability distribution over time [52]. Zuo et al. [51]
formulate this as:

St=a-x+1—a) S;—1D(D)
C. Sliding Window Majority Voting

Hemanth et al. [36] employ a sliding window majority
voting strategy, which collects predictions over a window
of N consecutive frames and outputs the class that appeared
most frequently within the window. Unlike EMA, majority
voting is fully committed — it always outputs the winning
class, rather than a weighted blend — which makes it more
interpretable in practice. The cost is a fixed latency equal

© 2026 IJSRET

6



to the window length. Hemanth et al. found that windows
of 15-30 frames (0.5-1.0 seconds at 30 FPS) provided a
good balance between stability and responsiveness for their
real-time system. The approach is now standard in
deployed continuous SLR pipelines.

D. Confidence Thresholding And Rejection

As'ari et al. [54] introduce confidence thresholding as a
complementary approach: rather than always producing a
prediction, the system only outputs a recognised sign if the
model's confidence exceeds a defined threshold. Below the
threshold, the system outputs a null class — indicating that
no recognisable sign is being produced, which is the correct
answer during sign transitions or when the hand is at rest.
This reduces spurious flicker substantially during transition
periods and makes the output more honest about its own
uncertainty. The threshold must be tuned carefully. in case
if it is too high and the system loses genuine signs and if it
is too low and it becomes vague from an unsmoothed
baseline.

VI. HYBRID AND MULTIMODAL
SYSTEM DESIGN

Most of the capable SLR systems in the current literature
have one characteristic that is they do not commit to a
single model type or a single data modality. The
architectures that combine spatial and temporal strengths,
or that combines multiple complementary data streams
gives the best result. [7], [55], [56]

TABLE | Summary of Key Benchmark Results Across
Reviewed Architectures

Model Architecture | Dataset Accuracy | Year
MobileNet | Lightweight | STM32 94.8% ;02
[32] CNN [57] Edge [57] | for 26.1 [57]
CNN- .
LSTM Attn CNN-LSTM WLASL- 84.65% 202
(8] [8] 100 [8] (8] 28]
CNNSa- CNN-LSTM Custom 98.7% 202
LSTM [9] HO [9] [9] [9] 4[9]
. ASL . 202
SBt‘:aS(T[fl] RNN[38] | Words ?fé? LN
[38] [38]
ASL- o, | 202
3DCNN | 3D CNN[59] | ASL [59] ?gé? nol
[45] [59]
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SL 21.80 202
Transfor '[I‘lril]nsformer Il)z,l(,)][alNlI]X_ BLEU-4 0

mer [11] [61] [11]

~ 0,

Swin- Swin-T [12] PHOENIX- aI?d5 ’ 302
MSTP [12] 14T [12] above [12]
CNN-ViT CNN+ViT ASL [34] 98.97% EOZ
[33] [33] [61] 33]

A. Cnn-Lstm Hybrids

CNN-LSTM hybrids are among the widely used and
adapted hybrid architectures in sign language recognition
as they efficiently integrate the spatial and temporal
learning. Here, the CNN is responsible to extract the
compact and discriminative spatial features from each
video frames, while the LSTM handles how these features
change and evolve during the signing sequences. As’ari et
al. [54] proved the practical application of this hybrid
architecture in specialised healthcare applications, where
their SLR model performed reliably without any major
architectural modifications. This highlights the flexibility
of the model across different real-time scenarios.
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Fig 1. CNN_BILSTM architecture by A. Abdelhamed et
al. [58]

However, despite these advantages, several limitations of
CNN-LSTM hybrid system have been identified. Baihan et
al. [9] found out that training a standard CNN-LSTM model
on long continuous signing sequence often led to instability
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in gradient and slow convergence, making is unstable in
learning and inefficient in computation. To handle this
issue, they introduced a hybrid optimization strategy that
combines evolutionary search technique with gradient
descent.

In addition to all these, Kazbekova et al. [10] verified that
by replacing standard LSTM layers with BiLSTM layers
significantly improved contextual understanding in
continuous sign language recognition. BiLSTM analyses
the sequence in both forward and backward directions.
Whereas normal LSTM only processes information from
past frames alone. So BiLSTM allows the mode to interpret
complex and ambiguous sign beginnings whose meanings
becomes clear only after seeing the subsequent movements,
this is a common phenomenon in natural continuous
signing.

Therefore, BiLSTM-based architecture provides richer
temporal context and improved recognition accuracy in
complex signing tasks.

B. Transformer-Based Hybrids
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Fig 2 Transformer-based hybrid architecture by Cui et al.
[26]
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Shin et al. [62] proved the transferability of Transformer-
based approaches to Korean Sign Language, achieving
strong results without architectural changes by only
retraining on language-specific datasets. This suggests that
the architecture learns genuinely all general sign language
representations rather than any specific ones. This
adaptability highlights the potential of Transformer-based
systems for developing the universal sign recognition
frameworks.

C. Multimodal Fusion

Fig 3 Multimodal architecture based on W. Vijitkunsawat
etal. [63]

The most robust systems in the recent literature integrate
multiple complementary data streams rather than relying on
single modality [63]. Zhou et al. [56] combined RGB video
with skeletal representation using a 3D Deformable CNN
architecture, enabling the model to adapt its spatial
sampling to the variations of the hand movements across
frames. Their Multi-Stream Graph Convolutional Network
(MS-GCN) component produces the relationships between
skeletal key points as a graph structure, where the edges
represent the anatomical connections between the joints.
The resulting system showed improved robustness
especially under challenging real-world conditions such as
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partial occlusions, messy background and varying
lightening, where conventional camera only systems often
experience substantial degradation

Rakesh Kumar et al. [55] extended the multimodal method
further by incorporating enhanced Transformer-based
learning over integrated visual and positional feature
streams. In their system, they used a Transformer encoder
to integrate spatial (CNN-extracted) and temporal (LSTM-
processed) features with the skeletal joint position
embeddings, and achieved state-of-the-art results on their
continuous recognition tasks. These development in the
architecture reflects a broader trend that is rather than
choosing among CNN, LSTM, Transformer, and skeletal
approaches independently, the best system results from
incorporate all of them, by using each of their strength
where they contribute most [64].

VIil. DOMAIN ADAPTATION AND
GENERALISATION

Domain shift is the most significant practical problem in
SLR. A model trained using a dataset captured in a
controlled environment with proper lighting and
background condition often gives a degraded performance
when deployed in real-world scenarios. Variations such as
difference in camera quality, lightings and signer
appearance and their styles can reduce recognition
accuracy by 20 to 40%. Walter et al. [7] verified and stated
this degradation systematically across multiple model
families and concluded that domain robustness, not raw
accuracy, is the primary challenge for the real-world
deployment.

A. Generative Approaches

Zhang, Chen, and Chen [65] addressed the problem of
domain shift using a Generative Adversarial Approach
(GAN) based framework called SignGAN. Their model is
trained to transform signing videos captured in controlled
environment into realistic representation of real-world
condition while preserving the identity of the sign. The
generator component learns to synthesise variation of the
given sign captured under different conditions such as
different lighting, different background, different camera
angle and effectively developing domain-adapted training
data without requiring additional real-world data. This

Volume 12, Issue 3, May-Jun-2026, ISSN (Online): 2395-566X

approach demonstrated meaningful improvements in
accuracy on cross-domain evaluation sets, though it
requires careful architectural design and optimization to
avoid mode collapse and to ensure that critical sign
information is  preserved through the domain
transformation.

B. Self-Supervised Pretraining

Aloysius, Kalaiselvi Geetha, and Nedungadi [50] take a
different approach: rather than transforming the training
data, they change what the model learns before it ever sees
labelled examples. Their Conformer model is first pre-
trained on large volumes of unlabelled signing video
through a masked prediction task, that is, the model learns
to predict the content of masked video segments from
surrounding context, in much the same way that BERT
learns language representations from masked tokens in text.
By the time the model is fine-tuned on the small labelled
dataset, it has already learned rich general-purpose
representations of how signing works. The result is
substantially stronger cross-domain generalisation than a
model trained from scratch on the same labelled data.

Algethami et al. [66] demonstrate that similar transfer
learning principles apply across sign languages. Their work
on Continuous Arabic Sign Language Recognition shows
that models pre-trained on one sign language and fine-
tuned on another achieve significantly better performance
than models trained from scratch on the target language
alone — even though Arabic and English sign languages
share almost nothing lexically. The architectural
representations, it appears, generalise at a level that is
deeper than vocabulary.

C. Cross-Linguistic Generalisation

As we have seen earlier, Shin et al. [62] further provided
evidence for transferability of a transformer-based
architecture using their Korean Sign Language recognition
study. They used a transformer model which was originally
designed and evaluated on ASL recognition tasks, to
achieve competitive result by retaining only the final
classification layer on a language specified data. The
spatial and temporal feature extractions were transferred
successfully without structural modifications. This finding
demonstrates cross-linguistic generalisation in
transformer-based architecture. It suggests that the
pretraining of a transformer architectures need to be
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performed only once on large scale dataset, and the
resulting learned representations can then be adapted to
other sign languages with much smaller dataset
requirements.

VIiIl. OPEN CHALLENGES

In this section we will see concerning several technical and
social challenges that are unsolved despite the genuine
progress documented throughout this review, as a
substantial gap remains between what a system performs in
controlled environment and real-world deployment.

A. Data Scarcity

The first challenge is data scarcity [67]. Deep learning
models requires large number of datasets, however, SLR
dataset remains limited. For example, WLASL, one of the
largest available ASL datasets, contains approximately
21,000 videos across 2,000 word-level signs, represents
only a small fraction of the vocabulary diversity found in
natural communication [68]. Walter et al. [7] note that the
limitation of data is not merely technical problem but also
social. The effective collection and annotation of sign
language video require the active participation of Deaf
community members, and most existing datasets were
collected by researchers with limited community
participation. Consequently, how Deaf people actually sign
based on regional variation, age-related differences, and
individual signing style are underrepresented. Baihan et al.
[9] stated that models trained on such limited datasets
generalize poorly to signers not represented in training,
which is a serious challenge for a technology that is meant
to work for everyone.

B. Co-Articulation

The second challenge is Co-articulation. It is the blending
of consecutive signs at their boundaries in natural
communication and this remains one of the most difficult
problems that is unsolved in SLR [79]. Zuo, Wei, and Mak
[51] identify it as the primary factor contributing the
performance gap between isolated and continuous sign
recognition systems. The challenge is that there is no
universal rule for how signs blend since the exact form of
co-articulation vary depending on the signing speed, the
signer's style, neighbouring signs and the sentence context
[70]. As a result, a model that is trained to handle co-
articulation for one dataset will often fail to generalise
across other datasets [71]. Although, Aloysius et al. [50]
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showed that self-supervised pretraining helps in temporal
understandings, but it did not fully resolved problem.

C. Sign Ambiguity And Prosody

Many sign language gestures differ only through subtle
variations in movement, speed, orientation [68]. Abdullahi
and Chamnongthai [38] documented several pairs of ASL
signs which shares nearly identical hand shapes but vary in
the speed of the movement, the path traced, or the rhythm
of the hand. Distinguishing these signs requires models that
are capable of learning prosodic information which are the
signing equivalent of stress and intonation in speech.
However, these informations are currently
underrepresented in both the feature representation and
optimization objectives [71]

D. Deployment Constraints

The third challenge is the deployment constrains. The gap
between benchmark accuracy and real-world utility is an
engineering problem as in real world, occlusions and
background noise can significantly impair data quality [72].
As'ari et al. [54] noted that the systems which perform well
on pre-processed benchmark video often fails when it is
deployed on smartphone cameras, which have different
noise characteristics, frame rates and environmental
variation. Trpcheska et al. [31] stated that even MobileNet-
based systems required extensive quantisation and pruning
before achieving acceptable real-time performance. Walter
et al. [7] provided deployment challenges that includes
hardware variability, network latency, battery limitations
and privacy concerns.

IX. FUTURE SCOPE

A. Self-Supervised And Semi-Supervised Learning

The most impactful near-term direction is probably self-
supervised learning. The success of BERT and GPT in
natural language processing — where models pre-trained
on massive amounts of unlabelled text then fine-tune to
specific tasks with a fraction of the data — has a clear
analogue in sign language. Aloysius et al. [50] have
demonstrated the proof of concept. The next steps are
scaling the pretraining corpus (unlabelled signing video is
relatively abundant) and developing pretraining objectives
that are specifically suited to the structure of sign language,
rather than borrowing directly from speech or text
objectives.
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B. Multimodal And Biosignal Integration

The performance ceiling of RGB-based systems is
constrained by what is captured by camera alone. Zhou et
al. [56] and M. Rakesh Kumar et al. [55] demonstrated that
integrating RGB data with skeletal representation improves
recognition robustness substantially. The next future step is
integrating biosignals such as surface Electromyography
(SEMG) which captures muscle activity from the forearm
and provides information about the configuration of hand
that is independent of variation in the visual condition [73].
Early work on EMG-augmented SLR has shown hopeful
results [74], however, the hardware requirements currently
limit their adaption.

C. Community-Centred Data Collection

As Walter et al. [7] argued that the data problem in SLR is
not purely technical only but extends to social aspect. To
solve this, we require the active participation of Deaf
communities in the dataset design, data collection, and
evaluation. These datasets designed by and is for deaf
signers and will more clearly represent natural signing
variation, hence, more useful for real-world deployment. In
addition to all that is mentioned, this will be ethically
defensible datasets collected primarily for research purpose
[1]. Algethami et al. [66] demonstrated the importance of
this for Arabic Sign Language, where community
involvement in data collection led to more representative
dataset compared to previous work.

D. Continuous, User-Independent Evaluation

The field needs evaluation benchmarks that should reflect
the challenges encountered during real-world deployment.
Zuo et al. [51] proposed evaluation protocols for
continuous sign recognition that measures not just accuracy
but also latency, stability, and the quality of segmentation.
B.Alexander et al. [34] reasoned for word-level recognition
benchmarks that include signers from diverse geographic
regions, age groups, and signing backgrounds. Such
evaluation would provide much easier way to identify
systems that are genuinely suitable for deployment rather
than systems that perform well on controlled tasks and not
in practical deployment.
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X. CONCLUSION

Sign language recognition has attained advancements due
to the development of deep learning methods that are
capable of combining spatial and temporal informations.
The combination of CNNs for spatial feature extraction and
LSTMs and Transformers for temporal modelling has
resolved much of the core problem under controlled
conditions. Transformer-based architectural models have
set new standards on continuous recognition and translation
tasks, and lightweight CNN backbones have made real-
time processing feasible on edge hardware [27].

However, despite these achievements, several challenges
remain unresolved. One of which is domain shift which
continues to reduce performance when models are
deployed in an environment that is different from their
training conditions [69]. Also, there is co-articulation in
continuous signing which remains a major obstacle to have
an accurate recognition. In addition to these, the limitation
in the dataset creation because of less involvement of
communities raises concerns regarding quality of data and
practical applicability.

The most promising future progress is the advances in self-
supervised learning [49], multimodal integration and
transfer learning. Cross-linguistic transfer learning, as
demonstrated by Shin et al. [62], Algethami et al. [66], and
Aloysius et al. [50], suggests that deep learning models
may be capable of learning generalized sign language
representations that can adapt multiple sign language even
with limited retraining requirements.

Overall, the fundamental system required for effective sign
language recognition are now well established. The next
stage in progress will depend on the deployment of more
representative dataset, robust framework and stronger
collection of datasets with community involvement that can
ensure future system are accurate and practical.
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