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Abstract- Sign language recognition represents a critical
application domain for advancing human-computer
interaction and accessibility technologies. This paper
presents a comprehensive review of deep learning
approaches for real-time sign language recognition,
with emphasis on convolutional neural networks
(CNNs), long short-term memory networks (LSTMs),
transformer  architectures, and the MediaPipe
framework. We analyze the strengths and limitations of
each approach, discuss their practical implementations,
and examine recent breakthroughs in pose estimation
and  gesture recognition. Through  systematic
comparison of state-of-the-art methods, we identify key
challenges in achieving robust, real-time performance
across diverse sign language dialects and environmental
conditions. Furthermore, we explore emerging
applications  in  accessibility, education, and
communication  systems. This survey provides
researchers and practitioners with actionable insights
into selecting appropriate architectures for sign
language recognition tasks and highlights future
research directions in this rapidly evolving field.

Index Terms- Sign language recognition, convolutional
neural  networks, recurrent neural networks,
transformers, MediaPipe, pose estimation, deep
learning, real-time processing

L INTRODUCTION

Sign language serves as the primary mode of
communication for approximately 70 million deaf
and hard-of-hearing individuals worldwide. The
development of automated sign language
recognition systems has the potential to
revolutionize accessibility, enabling real-time
communication between deaf and hearing
individuals without human interpreters [1].
However, the complexity of sign language—
involving hand shapes, positions, movements, and
facial expressions—presents significant challenges
for automatic recognition systems.

The emergence of deep learning techniques has
dramatically improved the performance of sign
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language recognition systems. Early approaches
primarily relied on hand-crafted features and
machine learning classifiers. Modern methods
leverage deep neural networks to automatically
learn hierarchical representations from raw video or
pose data. This paradigm shift has enabled
researchers to achieve recognition rates exceeding
95% on benchmark datasets.

This paper provides a systematic review of
contemporary approaches to sign language
recognition, focusing on four key technological
pillars: (1) Convolutional Neural Networks (CNN5s)
for spatial feature extraction, (2) Long Short-Term
Memory (LSTM) networks for temporal modeling,
(3) Transformer architectures for capturing long-
range dependencies, and (4) MediaPipe for real-time
pose estimation. The motivation for this
comprehensive survey stems from the rapid pace of
innovation in this domain and the need to guide
practitioners in selecting appropriate architectures
for their specific applications.

The remainder of this paper is organized as follows:
Section II reviews related work in sign language
recognition and gesture recognition. Section III
details the methodologies underlying each approach.
Section IV discusses experimental results and
comparative analyses. Section V addresses practical
considerations and deployment challenges. Finally,
Section VI concludes with future research
directions.

IL. RELATED WORK AND BACKGROUND

A. Sign Language Recognition: Historical
Perspective

Early sign language recognition systems (1990s-
2000s) relied on hand-crafted features such as color-
based segmentation and shape descriptors. These
approaches were limited by their dependence on
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controlled environments and specific camera angles.
The introduction of depth sensors (Kinect) enabled
researchers to extract three-dimensional skeletal
information, significantly improving robustness [2].
However, depth sensor-based methods required
specialized hardware, limiting widespread adoption.
The deep learning revolution (2010s-present)
fundamentally transformed the field. Convolutional
neural networks demonstrated remarkable capability
in learning visual features from raw pixels,
eliminating the need for hand-crafted features.
Recurrent architectures extended this success to
temporal sequences, enabling the modeling of sign
language's inherent temporal dynamics. Recent
advancements in pose estimation and transformer
architectures have further improved recognition
accuracy and real-time performance.

B. Benchmark Datasets and Evaluation Metrics
Several benchmark datasets have facilitated
progress in sign language recognition research. The
American Sign Language (ASL) Fingerspelling
Dataset contains thousands of isolated signs. The
Sign Language MNIST provides a simpler
benchmark for proof-of-concept work. The largest
datasets, such as CSL-Daily and WLASL, contain
thousands of videos with diverse signers and
recording conditions. These datasets are essential for
training and evaluating deep learning models [3].

Evaluation metrics typically include accuracy,
precision, recall, and Fl-score for isolated sign
recognition. For continuous sign language
recognition, metrics such as word error rate (WER)
and position-independent word error rate (PIWER)
are employed. Real-time performance is evaluated
using frames-per-second (FPS) measurements and
latency metrics.

III.  METHODOLOGIES FOR SIGN
LANGUAGE RECOGNITION

A. Convolutional Neural Networks (CNNs)
Convolutional neural networks have proven
exceptionally effective for extracting spatial features
from sign language video frames. CNNs operate
through a series of convolutional layers that learn
local  patterns  and  hierarchical  feature
representations. For sign language recognition, three
primary architectures are employed:

1) 2D CNNs process individual frames
independently, capturing static hand shapes,
positions, and facial expressions. Popular
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architectures include ResNet, VGGNet, and
MobileNet. These networks are computationally
efficient and particularly suitable for real-time
applications on mobile devices.

2) 3D CNNs (C3D) extend convolutions to the
temporal dimension, simultaneously processing
spatial and temporal information. This approach is
computationally more expensive but captures
motion patterns more directly. Studies show that 3D
CNNs achieve 3-5% higher accuracy than 2D
approaches on benchmark datasets [4].

3) Two-stream architectures process RGB frames
and optical flow streams separately, then fuse the
predictions. This design leverages both appearance
and motion cues, achieving superior performance in
practice.

The mathematical formulation of CNN convolution
is expressed as:

¥(ij) = 6(ZX w(m,n) - x(i+m, j+n) + b)

where w represents filter weights, x is the input
feature map, b is bias, and ¢ is the activation
function.

B. Long Short-Term Memory (LSTM) Networks
Recurrent neural networks, particularly LSTMs,
excel at modeling temporal sequences inherent in
sign language. LSTMs address the vanishing
gradient problem in traditional RNNs through gated
mechanisms comprising input gates, forget gates,
and output gates. This architecture enables the
network to learn long-range dependencies critical
for recognizing signs with extended temporal spans.
The LSTM unit computation is formulated as:
it=c(W iix t+W ihh {t-1}+b i)f t=o(W_if
x t+W_ fhh {t-1} +b f) C t=tanh(W cc x t+
W_ chh {t+:1}+b c)C t=ftOC_{t+-1} +1 tO
Ctot=c(W oix t+W ohh {t-1}+b o)h t=
o_t © tanh(C_t)

where subscripts denote layer indices, (O represents
element-wise multiplication, and ¢ denotes sigmoid
activation. For sign language recognition,
bidirectional LSTMs are frequently employed to
capture contextual information from both directions
of the video sequence, improving recognition
accuracy by 2-4% compared to unidirectional
variants [5].

C. Transformer Architectures

Transformer models, originally introduced for
natural language processing, have recently been
adapted for sign language recognition with

ICONIC RESEARCH AND ENGINEERING JOURNALS 835



© JAN 2024 | IRE Journals | Volume 7 Issue 7 | ISSN: 2456-8880

remarkable success. Unlike RNNs that process
sequences sequentially, transformers employ self-
attention mechanisms enabling parallel processing
and direct modeling of long-range dependencies [6].
The self-attention mechanism computes query, key,
and value representations:

Attention(Q, K, V) = softmax(QK T/Nd k) - V
Key advantages of transformers for sign language
recognition include: (1) superior parallelization
enabling efficient training on large datasets, (2)
explicit modeling of dependencies between distant
frames, and (3) flexibility in handling variable-
length sequences. Recent studies report that vision
transformers achieve 93-97% accuracy on isolated
sign recognition benchmarks, outperforming CNN
and LSTM baselines by 2-4% [7].

D. MediaPipe Framework

MediaPipe is an open-source framework developed
by Google for building perception pipelines. For
sign language recognition, MediaPipe's pose
estimation module is particularly valuable,
providing real-time extraction of 21 hand keypoints
and body pose landmarks (33 keypoints) from video
or webcam input [8].

The MediaPipe pipeline operates through several
stages:

1) Detection: Identifies hand/body regions within
the frame using a lightweight CNN detector 2)
Landmark Localization: Precisely determines
keypoint coordinates using a regression CNN 3)
Post-processing: Applies temporal filtering and
consistency checks across frames 4) Tracking:
Maintains hand identity across video frames using
optical flow tracking

MediaPipe achieves remarkable performance on
mobile devices, processing 30 FPS video streams
with minimal latency (<100ms). The framework
abstracts complex computer vision operations into
simple APIs, democratizing access to high-quality
pose estimation. Researchers can leverage
MediaPipe-extracted landmarks as input features for
gesture classification networks, significantly
simplifying the recognition pipeline.

IV.  EXPERIMENTAL RESULTS AND
COMPARATIVE ANALYSIS

A. Performance Comparison on Benchmark
Datasets

Comprehensive benchmarking studies reveal
significant ~ performance  variations  across
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architectures. Table I presents accuracy results on
the ASL Fingerspelling and WLASL datasets—two
of the most widely used benchmarks [9].

Table I: Accuracy Comparison of Sign Language
Recognition Architectures

Architecture [ASL 'WLASL (%)
Fingerspelling
(%0)
2D CNN|87.2 78.5
(MobileNet)
3D CNN|90.1 82.3
(C3D)
LSTM + CNN [91.5 83.7
Vision 94.8 86.2
Transformer
MediaPipe  +92.3 85.1
LSTM

Analysis of these results reveals several key
insights:

1) Vision transformers demonstrate superior
performance, achieving 94.8% and 86.2% accuracy
on the benchmarks. The transformer's ability to
capture long-range dependencies  proves
advantageous for complex signs spanning multiple
frames.

2) Hybrid CNN-LSTM architectures achieve
competitive performance (91.5-93%), offering
favorable trade-offs between accuracy and
computational cost.

3) MediaPipe-based approaches deliver impressive
accuracy  (92.3-85.1%)  while  dramatically
simplifying preprocessing, making them ideal for
practical applications.

B. Computational Efficiency and Real-Time
Performance

Real-time performance is critical for practical sign
language recognition systems. Table II compares
computational requirements and inference speed
across architectures on standard hardware (NVIDIA
RTX 3080 GPU, Intel i7-10700K CPU).

Table II: Computational Efficiency Comparison

Architecture |FPS (GPU) |Latency Parameters|
(ms) ™)

MobileNet 120 8.3 3.5

C3D 45 22.2 78

Bi-LSTM 60 16.7 24

Vision 35 28.6 86

Transformer
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MediaPipe +90 11.1 8.2
LSTM

These results demonstrate critical trade-offs
between accuracy and efficiency. MobileNet-based
systems achieve the highest throughput (120 FPS)
with minimal parameters (3.5M), making them
suitable for mobile deployment. Conversely, vision
transformers, while achieving highest accuracy,
incur 3x higher computational cost and latency.
MediaPipe approaches present an optimal middle
ground, achieving strong accuracy (92.3%) with
excellent real-time performance (90 FPS) and
minimal model size (8.2M parameters).

V. PRACTICAL CONSIDERATIONS AND
DEPLOYMENT CHALLENGES

A. Robustness to Variations

Real-world  deployment of sign language
recognition systems requires robustness to
significant variations: lighting conditions, camera
angles, signer body shapes, clothing, and individual
signing styles. Current deep learning models exhibit
limited generalization across these variations.
Studies show 10-15% accuracy degradation when
models trained on laboratory data are tested on in-
the-wild videos [10]. Techniques such as data
augmentation, domain adaptation, and domain-
specific fine-tuning show promise in mitigating
these challenges.

B. Regional Sign Language Variations

Sign languages exhibit significant regional
variations. American Sign Language (ASL), British
Sign Language (BSL), and Chinese Sign Language
(CSL) differ substantially in phonology and
grammar. Most existing datasets focus on a single
sign language, limiting cross-language
transferability. Few studies investigate transfer
learning across sign languages, representing an
important research frontier.

C. Continuous vs. Isolated Sign Recognition

Isolated sign recognition (classifying individual
signs from segmented videos) is substantially easier
than continuous recognition (identifying signs in
unsegmented video streams with inter-sign pauses
and coarticulation effects). Continuous recognition
requires sequence modeling and segmentation,
increasing complexity significantly. Current
continuous recognition systems achieve word error
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rates (WER) of 15-25%, compared to isolated
recognition accuracy of 85-95% [11].

VI. CONCLUSION AND FUTURE
DIRECTIONS

This comprehensive review examined four
fundamental approaches to Al-powered sign
language  recognition:  convolutional  neural
networks, recurrent neural networks (LSTMs),
transformer architectures, and the MediaPipe
framework. Our analysis reveals that vision
transformers currently achieve superior accuracy
(94.8%) on benchmark datasets, while MediaPipe-
based systems offer the most practical balance of
accuracy, speed, and simplicity.

Key findings include:

1) Vision transformers represent the current state-of-
the-art, though computational overhead limits
mobile deployment 2) MediaPipe dramatically
simplifies the recognition pipeline while
maintaining competitive accuracy 3) Significant
challenges remain in continuous recognition, cross-
lingual transfer, and robustness to environmental
variations 4) Real-time performance requirements
favor hybrid approaches combining pose estimation
with lightweight classifiers

Future research directions include: (1) Development
of large-scale multilingual sign language datasets,
(2) Investigation of few-shot and zero-shot learning
approaches to improve generalization, (3)
Incorporation of facial expressions and non-manual
markers in recognition pipelines, (4) Exploration of
multimodal architectures combining sign language
with spoken language modeling, and (5)
Deployment of sign language systems in real-world
accessibility  applications such as  video
conferencing and broadcasting.

As deep learning and computer vision technologies
continue to advance, sign language recognition
systems will increasingly bridge communication
gaps for deaf and hard-of-hearing communities. The
convergence of improved architectures, larger
datasets, and more accessible tools like MediaPipe
positions this field for significant societal impact in
the coming years.
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