Literature Review
1

Recognizing American Sign Language gestures efficiently and accurately using

a hybrid transformer model

The authors proposed a hybrid model that included a dual-path Convolutional Neural
Network (CNN) architecture integrated with a Vision Transformer (ViT) module to
recognize 29 different signs from American Sign Language (ASL) images. They applied
this hybrid approach to extract both global gesture features and localized hand-
specific details, which were then merged using element-wise multiplication to
enhance the recognition of subtle movements. The researchers utilized the ASL
Alphabet Dataset for training and testing, which consisted of approximately 87,000
RGB images featuring a wide variety of hand poses and lighting conditions. The results
showed that their proposed hybrid model achieved the best accuracy at 99.97% over
29 different signs and maintained a high processing speed of 110 FPS compared to
other standalone models.

The results showed that their proposed model achieved the best accuracy at 99.97
over 29 different signs.

2

Sign Language Recognition for Arabic Alphabets Using Transfer Learning

Technique

The authors proposed a vision-based recognition system that utilized Transfer
Learning techniques to recognize 32 different signs from the Arabic Sign Language
(ArSL) alphabet. They applied several pre-trained Deep Learning models, specifically
focusing on EfficientNetB4, to extract complex features from hand gestures and
handle variations in sighing styles. The researchers utilized the ArSL2018 dataset for
training and testing, which consisted of 54,049 RGB images collected from 40 different

subjects to ensure diversity in lighting and hand positions.




The results showed that their proposed model achieved the best accuracy at 95% over
32 different signs and demonstrated superior performance in handling complex image

backgrounds compared to other standalone models.

3

Real-Time Sign Language Fingerspelling Recognition System Using 2D

Deep CNN with Two-Stream Feature Extraction Approach

The authors proposed a real-time fingerspelling recognition system that utilized a 2D
Deep Convolutional Neural Network (CNN) with a two-stream feature extraction
approach. They applied this method to capture both spatial and temporal information
from dynamic hand gestures to improve communication for the deaf community. The
researchers utilized a comprehensive dataset for training and validation, which
consisted of a diverse range of gestures recorded across different environmental

settings.

The results showed that their proposed model significantly outperformed traditional
machine learning techniques and achieved high recognition accuracy even with

increased data volume.

4

Sign Language to Text and Speech Conversion

The authors proposed a real-time system to convert American Sign Language (ASL)
fingerspelling into both text and speech using a Convolutional Neural Network (CNN).
They applied a specialized filter to the hand images before passing them to the
classifier to enhance the prediction of gesture classes. The researchers utilized a
dataset of ASL hand gestures for training and testing to ensure the model could

recognize various letters accurately.




The results showed that their proposed model attained high accuracy in predicting
gestures and provided an effective way for hearing-impaired individuals to

communicate with others in real-time.

5

Semantic Communications for Image-Based Signh Language Transmission

The authors proposed a novel system for image-based semantic communications
specifically designed for American Sign Language (ASL) transmission. They applied a
specialized encoder-decoder architecture that transformed ASL images into semantic
feature vectors to reduce data size while preserving meaning. The researchers utilized
the ASL Alphabet Dataset to validate the system's ability to reconstruct original

images even under noisy wireless channel conditions.

The results showed that their proposed semantic approach outperformed traditional
communication methods by maintaining high structural similarity and recognition

accuracy at much lower transmission rates.

6

Vision-based signh language recognition system: A Comprehensive Review

The author provided a comprehensive review of vision-based sign language
recognition systems to highlight existing techniques and their comparisons. They
analyzed various image processing stages, including preprocessing, feature
extraction, and classification, to bridge the communication gap for the hearing-
impaired. The researcher evaluated multiple methodologies and datasets used in

previous studies, which consisted of diverse sign language systems like ASL and ISL.




The results showed that deep learning methods, specifically CNNs, attained superior

performance in gesture recognition compared to traditional feature-based

approaches.
Paper | Years | Strong Limitations Datasets The Best Results
models

[1] 2025 attained a focused onlyon | ASL Hybrid accuracy =
near-perfect static images Alphabet Transformer- 99.97%
accuracy of CNN model
99.97% emerged

[2] 2022 high efficiency | required high ArSL2018 EfficientNetB4 accuracy =
in handling computational dataset model 95%
complex power
images

[3] 2024 model required a large | ASL 2D Deep CNN high
integrated volume of accuracy
advanced training data in practical
feature
extraction

[4] 2021 Model focused mainly | ASL Convolutional accuracy =
integrated a on static Alphabet Neural Network | 95.8%
pre- fingerspelling (CNN)
processing
filter that
improved the
accuracy

[5] 2024 achieved high- | required ASL Semantic- accuracy =
quality image significant Alphabet based Deep 99%
reconstruction | computational Learning model

overhead

[6] 2020 provided a complex including | Convolutional higher
detailed backgrounds ASL, ISL, Neural accuracy
taxonomy of still posed and TSL Networks and and
recognition challenges for datasets Hidden Markov | robustness
phases. many systems. Models inreal-

world
scenarios.
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Abstract

Communication remains a significant barrier for the Deaf and Mute (D&M)
community, particularly in interactions with the hearing majority who often lack
sign language proficiency. While American Sign Language (ASL) is a primary
mode of expression, traditional interpretation services are often inaccessible due
to high costs and limited availability. This research proposes an automated,
hardware-free, web-based fingerspelling recognition system designed to bridge
this gap.

Unlike previous hardware-dependent solutions, the proposed system utilizes a
standard webcam to capture live video feeds directly within a web browser. The
core architecture leverages a Convolutional Neural Network (CNN) for the
classification of the 26 ASL alphabet letters. To address the challenges of real-
world environments, such as motion blur and background noise, a two-stage
refinement process is implemented: a Re-classification logic that ensures gesture
stability before output, and a Spell-check and Text-conversion module that
corrects linguistic errors in the generated text.
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Chapter 1: Introduction

1.1 Overview

Sign language is one of the most natural and oldest forms of human
communication, as it is based on visual signs made up of hand shapes, movement,
facial expression, and body position. In the case of Deaf and Mute(D&M) people
also known as Deaf community, the biggest problem in being successfully
involved with the hearing world is not a cognitive/intellectual problem but a
communication problem. Since most of the community are not able to access the
spoken language, the first and primary form of communication for them is sign
language.

American Sign Language (ASL) is one of the most popular sign languages in the
world, second only to the spoken English language in America or even in parts
of Canada. ASL consists of a very large vocabulary of signs for words and
concepts, along with a fingerspelling sub-system through which each of the 26
letters of the English alphabet can be produced by a unique static or semi-static
hand gesture. Fingerspelling is a common method in signed language
interpretation and has many applications wherever there are proper names,
technical terms, initialized signs, or no sign available for a particular word;
hence, accurate recognition of the letters is critical for complete interpretation
from ASL.
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However, sign language is often unknown to those who can hear. Professional
Interpreters professional humanity interpreters are limited, expensive, and
nonviable on demand or for private events such as education, health care, work
force , civil services or social life to daily. This information barrier leads to
social isolation, lack of access to information, and disparity of opportunity for
Deaf people.

Recent advances in computer vision, deep learning, and CNNs have made it
possible to leverage an automated vision-based gesture recognition systems.
These systems can record hand movements through standard cameras (such as
webcams), process them in real time and translate into readable text, or even
synthetic speech. The system presented here is specifically designed for the real-
time recognition of fingerspelling (or manual alphabet) of ASL letters.

1.2 Problem Definition

Deaf and Mute people rely solely on visual- gestural communication using sign
language, as any auditory and speech-based form of communication is not
feasible. Non-verbal communication using gestures, especially hand gestures in
fingerspelling, is visually interpreted, but the knowledge of sign language is not
prevalent in the general population.

This creates a large gap and thus poses substantial difficulties: - The lack of
effective real-time communication in real-life situations. The sole reliance on
very rare and costly professional interpreters. Difficulties in education, doctor-
patient communication, legal discussions, office communication, and social
interactions. Manual systems are not scalable.

Early automated gesture recognition systems (such as rule-based systems or
conventional machine learning using hand-designed features such as Histogram
of Oriented Gradients or skin color detection) may have had difficulties in coping
with real-life variability, such as variations in lighting conditions, complexity of
the background, skin color, hand orientation, camera position, and motion blur.
A reliable and real-time system is thus needed:

one that can process live camera feed, properly segment the hand, classify
fingerspelled letters with high accuracy, and perform under real-life constraints
such as low latency and commodity hardware.




The central problem addressed in this thesis is the design of an effective CNN-
based system that can recognize the 26 ASL alphabet letters in real time with a
negligible margin of error, thus enabling easier human-computer interaction for
the Deaf.

1.3 Thesis Objectives

The overall objective of this thesis is to develop and test a real-time fingerspelling
recognition system for the ASL alphabet using convolutional neural networks.
The objectives are:

o To develop an efficient preprocessing system for automatically locating and
isolating the hand region from images captured using a webcam, and to remove
the impact of environmental changes (lighting, background, etc.).

o To develop and train a CNN classifier for optimal recognition of the 26
different ASL letter gestures with high accuracy.

o To ensure real-time processing capabilities for real-time video streams, with
minimal latency.

« To incorporate post-processing techniques (spell checking, etc.) for improving
the letter sequences into readable text output.

1.4 Thesis Contribution
The following are the key contributions made

Comprehensive Recognition System:
* Development of a comprehensive system that encompasses image
processing, deep learning, and linguistic post-processing.

Intelligent Correction Layer:
* The addition of a "Spell Check" module, which enhances the system from a
simple character recognition system to a working communication system.

Improved Accuracy through Re-classification:
» The addition of a feedback mechanism in the CNN classification step to
handle high-uncertainty gestures.




Scalable Social Impact:
* Development of a low-latency and low-cost system that requires minimal
human interaction, providing equal access to the D&M community.

Chapter 2: Related Work

2.1 Introduction

The Sign Language Recognition (SLR) community has witnessed a paradigm
shift from intrusive hardware solutions to seamless vision-based software
solutions. This chapter presents an overview of the literature, dividing the
existing work into hardware dependencies, traditional machine learning, and the
current trend of Deep Learning.
Emphasis is placed on the rise of web-based solutions and the current challenges
in real-time linguistic processing.
2.2 The Evolution of Capture Technologies
2.2.1 Sensor-Based Frameworks
Traditionally, the most popular approach to hand gesture recognition involved
the use of "Data Gloves" and body sensors. These sensors measured joint
angles and coordinates with high accuracy. However, as has been stated in
many existing works, these systems were plagued by severe "User Friction."
The need to wear costly, hardware-attached sensors made it impossible for the
Deaf and Mute (D&M) community to employ these tools in natural, real-world
settings. This led to the need for "Contactless" systems that employ common
optical sensors (webcams).

2.2.2 Vision-Based Traditional Methods

The shift to computer vision began with "Hand-Crafted Feature Extraction."
Researchers employed algorithms such as SIFT (Scale-Invariant Feature
Transform) and HOG (Histogram of Oriented Gradients) to detect hand
shapes. Although these systems were an improvement over their predecessors
in terms of usability, they were extremely prone to "Environmental Noise."
Even a slight variation in lighting conditions or a complex background resulted
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in a complete system breakdown. This highlighted the need for more flexible
architecture that could "learn" features rather than relying on software-defined
ones.

2.3 Deep Learning and CNN Architectures

The use of Convolutional Neural Networks (CNNs) has brought about a
paradigm shift in the field by allowing for the automation of feature extraction.
Feature Hierarchy:

CNNs have been shown to be particularly adept at learning a hierarchy of
features, ranging from simple edges to complex finger orientations.

This is particularly useful for American Sign Language (ASL), where the
difference between two letters can be as subtle as the position of a thumb.
Generalization:

Unlike traditional approaches, deep learning models trained on a variety of
datasets have been shown to generalize better across different skin tones and hand
shapes, making them more amenable to a worldwide audience.

2.4 Critical Analysis and Research Gaps
Despite the high performance of modern CNNs in the lab, two specific research
gaps remain widespread in the literature, and are addressed by this proposed
research:
2.4.1 The Persistence of Visual Ambiguity
Most existing systems are based on a "Single-Frame Prediction" paradigm. In
a real-time webcam stream, the presence of motion blur or improper hand
placement may result in the system producing a high-frequency oscillation of
incorrect letters.
There is a recorded absence of Iterative Verification (or Re-classification)
logic in most existing systems, which is required to guarantee the stability of
the output prior to its display to the user.
2.4.2 The Linguistic Integration Gap
One of the key shortcomings identified in most existing SLR projects is that
they are purely "Pattern Recognizers" and not "Communication Tools." They
produce raw character data that fail to factor in human error or spelling
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mistakes. Scholarly literature has pointed out that for an SLR system to be
truly useful, it needs to implement a Post-Processing Layer.

The implementation of Spell-Checking and Text Conversion algorithms is a
crucial but often overlooked step in forming a seamless link between gestural
input and meaningful text.

Chapter 3: Proposed Approach (Methodology)

3.1 Introduction

The methodology of this research aims to develop a strong and complete end-to-end
framework for real-time recognition of American Sign Language (ASL). The
proposed framework is more than a classifier; it is a complete communication system
running on a web-based platform. In this chapter, the system architecture will be
described in detail, from the raw webcam feed to the final linguistic correction and
display.

3.2 System Architecture and Workflow

The system architecture is a sequential yet iterative process aimed at achieving the
highest accuracy while maintaining the lowest latency possible for real-time
communication. The system workflow is broken down into four major domains:

« Optical Acquisition and Signal Preprocessing.

o Neural Network Classification Engine.

« Ambiguity Management (Re-classification Logic).
o Linguistic Correction and Textual Synthesis.

Re Classification
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Input Image Image Processing Output

DataSet Storage Text Conversion

Training and Testing Model Training Classification Spell Check
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3.3 Phase I: Data Acquisition & Preprocessing
The first phase of the system is of utmost importance, as the quality of the input data
directly affects the performance of the neural network engine.

3.3.1 Webcam Input Stream

The system uses a standard RGB webcam for live video capture. Unlike depth
cameras, where the challenge is to capture three-dimensional data, the
challenge in this case is to capture useful information from a two-dimensional
plane. The video is captured at a standard rate (e.g., 30 FPS) and processed
frame by frame.

3.3.2 Image Filtering and Noise Reduction

To make the system environment-independent, several preprocessing filters
are applied:

Grayscale Conversion / Color Normalization: To simplify computations and
eliminate the effects of skin tones and room lighting.

Gaussian Blurring: Used to blur the image and eliminate "salt-and-pepper"
noise that might otherwise mislead the CNN layers.

ROI (Region of Interest) Extraction: The system extracts and crops the region
of interest containing the hand, thus eliminating unnecessary background
information (such as furniture or other people).

3.4 Phase II: CNN-Based Feature Extraction & Classification
This phase is the heart of the computational engine of the project, where visual
information is converted into alphanumeric character predictions.

3.4.1 Dataset Storage and Preparation

A large dataset of thousands of images for each of the 26 letters of the ASL
alphabet is used. This dataset is "augmented" (using methods such as rotation,
zooming, and translation) to train the model to recognize signs regardless of
whether the hand is centered or rotated.

3.4.2 Convolutional Neural Network (CNN) Architecture
The system uses a deep CNN to automatically learn the spatial hierarchy of
hand gestures. The architecture includes:

12




Convolutional Layers: These layers use specific filters (kernels) to
1dentify low-level features (edges and curves) and high-level features
(finger positions and thumb placement).

Activation Functions (ReLU): To add non-linearity to the model,
enabling it to identify complex patterns in the gestures.

Pooling Layers (Max Pooling): To reduce the spatial dimensions of the
data, making the system faster and more focused on the most dominant
features of the gesture.

Fully Connected (Dense) Layers: The final layers that combine all the
learned features to predict the probability of each of the 26 letters.

3.5 Phase I1I: The Re-classification Logic (Stability Control)

One of the main innovations in this project is the re-classification mechanism. In a
live webcam feed, a user’s hand may move or blur, resulting in the model providing
a "flickering" output.

3.5.1 Thresholding and Verification

Rather than showing all the predicted letters immediately, the system
uses

verification logic:

Probability Check: The system checks the confidence level of the CNN.
If the confidence level is less than a certain threshold (e.g., 85%), the
gesture is marked as "ambiguous."

Temporal Consistency: The system waits for the same letter to appear
in multiple consecutive frames (e.g., 5 frames) before accepting the
input.

Feedback Loop: When a gesture is marked as unstable, the system
initiates a "Re-classification" request, asking the engine to re-examine
the hand area until a stable, confident prediction is reached.

13




3.6 Phase IV: Linguistic Integration (Post-Processing)
A character-by-character output is hard to interpret for hearing-impaired people.
This phase translates raw "letters" into "language."

3.6.1 Text Conversion and Buffer Management

As the letters are verified by the re-classification logic, they are retained in a
temporary buffer. The system identifies pauses (silent intervals) to identify
when a word has been finished.

3.6.2 Spell Check and Error Correction
As human signing may be error-prone, and model classification may
occasionally go wrong, a Spell Check Module is incorporated:
* Dictionary Mapping: The system checks the generated word against a
dictionary of common English words.
* Levenstein Distance Algorithm: When a word is not identified (e.g., "H-
E-L-M-0"), the system identifies the closest valid word ("H-E-L-L-O")
and proposes or automatically implements the correction.

3.6.3 Output Display

The final, corrected word is displayed on the Website Interface. This enables
a clean, user-friendly text display that allows a smooth conversation between
the D&M signer and the hearing observer.

3.7 Phase V: Web Deployment Architecture
The entire process is engineered for a browser-based platform:

Client-Side Processing: With the use of optimized models, most of the image
processing is done on the user's browser, ensuring privacy and lower server
expenses.

Interface Design: The website is designed to be minimalist, featuring a large
camera view and a prominent text-output box for optimal accessibility.
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Chapter 4: Conclusion and Future Work

4.1 Conclusion

The study described in this proposal addresses one of the most significant challenges
in human communication: narrowing the gap between the Deaf and Mute (D&M)
community and the hearing majority. By leveraging Deep Learning and modern Web
Technologies, a hardware-free, accessible, and intelligent system for American Sign
Language (ASL) recognition has been developed.

The strength of this research lies in its integrated pipeline. Unlike conventional
models that focus only on gesture classification, the proposed system incorporates an
advanced Re-classification mechanism to manage the instability of live video
streams, along with a Linguistic Spell-Check module to enhance the accuracy of the
final output. Through high-precision classification using Convolutional Neural
Networks (CNNs) and full deployment as a browser-based application, the project
makes assistive technology widely accessible to anyone with a webcam and internet
browser. Ultimately, this work demonstrates that artificial intelligence can function
as a seamless, real-time bridge for social inclusion and equitable communication.

4.2 Limitations

Although the proposed framework offers a reliable solution for ASL fingerspelling
recognition, certain limitations must be acknowledged to maintain academic
transparency:

 Static Nature of Fingerspelling: The current implementation is restricted to the
26 static letters of the ASL alphabet. Dynamic signs involving complex
temporal hand movements are not yet supported.

* Environmental Extremes: Despite the use of preprocessing techniques,
extremely low-light environments or highly cluttered backgrounds especially
those containing skin-toned objects may still affect segmentation accuracy.

* Linguistic Depth: The spell-check module is optimized for general English
vocabulary. However, it may encounter difficulties when processing highly
specialized terminology in domains such as medicine or law without further
expansion of the lexical database.
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4.3 Future Work

The framework established in this research provides a scalable foundation for
continued advancements in assistive computer vision. Several future directions are
proposed:

4.3.1 Transition to Dynamic Sign Recognition

A logical progression of this work involves extending the CNN model into
hybrid architecture, such as CNN-LSTM (Long Short-Term Memory)
networks or Transformer-based models. This enhancement would enable the
recognition of dynamic, motion-based signs and complete sentences by
capturing the temporal dynamics of natural sign language.

4.3.2 Mobile and Edge Optimization

Future improvements will focus on optimizing the model for Edge Devices.
This includes developing dedicated mobile applications and Progressive Web
Apps (PWAs) capable of offline operation, ensuring accessibility even in areas
with limited internet connectivity.

4.3.3 Multi-Language Support

Expanding the platform to accommodate additional sign languages—such as
Arabic Sign Language or British Sign Language would significantly broaden
its global reach and promote inclusion on an international scale.

4.3.4 Integration of Emotion Recognition

Incorporating facial expression analysis into the recognition pipeline would
allow the system to interpret not only the lexical content of signs but also the
associated emotional tone. This would result in a more comprehensive and
nuanced understanding of user intent, further enhancing communication
accuracy.
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