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Abstract
AI is an integral aspect of modern technology.
Among the most practical applications of AI is Computer Vision. 

It allows computers to recognize and interpret visual data, including hand gestures. CNN, an artificial neural network (ANN) algorithm that employs deep learning, has greatly enhanced the efficiency of gesture recognition systems.

Sign language is the primary mode of communication for the Deaf and Mute (D&M) communities, but their counterparts who are not deaf may fail to comprehend it. 

Therefore, D&M individuals may encounter difficulties communicating with other people.
Earlier systems relied on bulky equipment, which posed operational challenges. 

Modern ASL translation devices use conventional cameras, simplifying the process; however, certain issues persist.

The current project seeks to design a real-time ASL Recognition System that translates hand gestures into readable text.
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Chapter 1: Introduction and Overview
[bookmark: _Toc227883791]1.1 Introduction
Artificial intelligence is an important element of contemporary technological advancements. One of its practical implementations includes computer vision that allows machines to perceive and analyze people's gestures and actions.
Computer vision systems have become more precise at recognizing hand signs due to convolutional neural networks. Consequently, this advancement has helped Deaf and Hard of Hearing individuals to interact with others more easily.
Most Deaf and Mute individuals use sign language as a means of verbal communication but since most hearing people do not understand it, there arise difficulties communicating with each other. Previous solutions were based on using bulky hardware, making it inefficient and impractical. There still are some challenges associated with such projects but new developments use nothing but a simple camera.
Thus, the goal of this research project is to design an innovative application for recognition of American Sign Language and translating hand signs into written messages. The aim is to create an opportunity to integrate the Deaf community with other people more closely.
 
[bookmark: _Toc227883792]1.2 Problem Definition
The sign language is of great importance in the lives of people within the Deaf and Mute community.

Sign language, as seen in the case of American Sign Language, is unique in its arrangement, which means that it poses communication barriers for hearing people hence influencing various aspects such as health, education and many others of the D&M community.
American Sign Language has fingerspelling, a form whereby words are spelled through fingers, with finger automatic recognition being used in accomplishing the feat.

Hardware sensors have been the core components of early motion recognition devices.
Invasiveness posed a major problem in their utilization.

The development of non-invasive methods that employed the use of cameras to perform the task was another milestone, although other difficulties, such as lack of sensitivity to environment change, came up.

Deep learning and Convolutional Neural Networks (CNN) have helped in
Improving feature extraction from raw images; however, there are two fundamental problems with this approach: predictions are not invariant to time, and there are no post-processing techniques of linguistic nature.

Most approaches employing CNNs classify each frame into a particular category, and since these categories always vary due to change in environments, so do classes.
Also, these approaches have no post-processing steps to ensure proper recognition of gestures.

This study focuses on the development of ASL fingerspelling recognition method deployable on a website.

[bookmark: _Toc227883793]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 of this thesis 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.), to create and train a CNN classifier that can accurately recognize all 26 ASL letter gestures, to make sure that recognition from static images is quick and accurate, with as little processing time as possible, to incorporate post-processing techniques (spell checking, etc.) For improving the letter sequences into a readable text output and developing a web-based application for processing static images.
[bookmark: _Toc227883794]
1.4 Thesis Contribution
Next Semester.

[bookmark: _Toc227883795]1.5 Thesis Organization

Next Semester.


[bookmark: _Toc227883796]Chapter 2: Background and Related Work

[bookmark: _Toc227883797]2.1 Introduction
The proposed American Sign Language (ASL) recognition system requires combining several fields, including computer vision, deep learning, and artificial intelligence.
This chapter goes into great detail on these ideas, starting with the basics of AI and then delving into computer vision and deep learning.
Like convolutional neural networks, it discusses the difficulties of recognizing sign language by showing how it can be used in application, preprocessing, and post-processing activities as necessary components of the system architecture. 

[bookmark: _Toc227883798]2.1.1 Artificial Intelligence (AI)

[image: ] Artificial intelligence is an area of study involving machines and software able to engage in cognitive activities such as learning, perceiving, thinking, and decision making. In addition to learning from experience and being adaptive to new environments, artificial intelligence is distinct from the conventional programmed approach in its reliance on statistical learning models for mining information from unstructured data. This research will leverage AI technology to classify visual communication data through sign language recognition [1]. 

Fig. 1. Artificial Intelligence (AI)



[bookmark: _Toc227883799]2.1.2 Computer Vision (CV)
[image: Computer Vision (CV) - IoThook]
Computer vision is a branch of artificial intelligence that lets machines analyze and understand visual data from photos and videos. It turns raw pixel data into useful representations that help with tasks such as pattern recognition and object recognition [2]. 




Fig. 2. Computer Vision (CV)



[bookmark: _Toc227883800]2.1.3 Deep Learning (DL)

[image: ]Deep learning is a branch of machine learning that uses multi-layered computational networks to perform hierarchical computation, i.e., transforming input data into more abstract representations and adapting them to specific tasks. The transformation stages through which the data is changed before the final prediction is obtained are referred to as deep.
Deep learning is used to address key limitations of previous computer vision methods for sign language recognition [3].

 Fig. 3. Deep Learning (DL)


[bookmark: _Toc227883801]2.1.4 Convolutional Neural Networks (CNN)

Convolutional neural networks (CNNs) are high-level deep learning systems designed to handle data with a discrete structure, in particular, two-dimensional images. 
The key feature of them is that they are based on convolutional operations that exploit the spatial cohesiveness and regularity of the transition of visual information. This also enables more efficient learning of hierarchical feature representations than traditional fully connected architectures. 
A standard convolutional neural network processes input images in several steps to extract features and group them.

The CNN model performs both feature extraction and classification through fully connected and softmax layers [4].

[image: D:\WhatsApp Image 2026-04-20 at 22.43.04.jpeg]Fig. 4. How CNN Works

 

Convolutional Layers[image: Convolution Neural Network ...]
The most important part of a CNN is its convolutional layers. They use filters that can learn to scan input feature maps and make activation maps that show important visual patterns [5].
 
Fig. 5. Convolutional Layers


Activation Function (ReLU)
ReLU is an activation function that complicates the architecture of the CNN. ReLU gives output 0 for any negative input and outputs for positive values.
It helps CNN learn fast and solve the vanishing gradient problem [6].

[image: A CNN architecture that adds ...]Pooling Layers
 Pooling in the CNN helps in shrinking the feature map to reduce computational complexity as well as making the features resistant. Max pooling is the most frequently utilized type of pooling in which the maximum values in the region are preserved [7]. 
Fig. 6. Pooling Layers


[image: vs Convolutional Neural Networks ...]Fully Connected Layers
applied to the end part of a CNN to integrate all the obtained features and classify them. This layer connects to all neurons in the previous layer to produce outputs [8].



Fig. 7. Fully Connected Layers

Dropout Regularization
Dropout is a method that helps avoid overfitting for CNNs through random deactivation of some neurons in the model. The end result is enhanced learning capability [9].
[bookmark: _Toc227883802][image: ]2.1.5 Natural Language Processing (NLP)
Natural Language Processing means computer processing of natural language and includes methods such as tokenizing and analyzing sentiment. However, NLP does not fall within the ambit of this paper and ends up in linguistic processing of the system output. Linguistic processing helps enhance recognition performance, an important aspect of applications such as text-to-speech and translation [10].Fig. 8. Natural Language Processing (NLP)

[bookmark: _Toc227883803][image: Explainable AI: Ensuring Design ...]2.1.6 Explainable AI (XAI)
XAI is an approach towards making AI decision making transparent to humans. There is a lot of complexity involved in AI systems, and XAI aims at clarifying these decision processes. Various techniques such as class activation mapping and model agnostic methods improve explainability [11].

Fig. 9. Explainable AI (XAI)

[bookmark: _Toc227883804]2.1.7 Image Preprocessing Techniques
A CNN classifier depends on the quality of input that is provided to it for recognizing hand gestures. In order to achieve good results, there should be an organized procedure of image pre-processing. This would improve the features and minimize variability, leading to improved confidence among the audience in the effectiveness of the approach [12].
[bookmark: _Toc227883805]2.1.8 Linguistic Post-Processing
Post linguistic processing is a vital part of increasing the effectiveness of the process of recognition of gestures in practice. 
It is used to deal with such problems as recognition errors; differences between sign language used by people and the ASL alphabet and characters that look alike. This process helps discover and correct errors through putting the process of recognition into context [13].
[bookmark: _Toc227883806]2.1.9 Evaluation Criteria

The recognition system that we propose to develop will employ a sophisticated evaluation criterion to evaluate its performance in various respects especially regarding ASL gesture classification for the 36 categories [14].
[bookmark: _Toc227883807]2.1.10 Accuracy
The criterion of accuracy is of the highest priority because it reflects the ratio of correct predictions made by the model out of all the objects in the test sample. Accuracy, though being very informative, cannot be applied alone since it gives rise to a false impression about the quality of classification in case of unequal distribution of classes because the model will be very accurate but will ignore minority classes [15].


[bookmark: _Toc227883808]2.2 Related Work
[bookmark: _Toc227883809]Review of Related Work

The authors [16] suggested a hybrid model combining a dual-path Convolutional Neural Network architecture with a Vision Transformer. It can identify 29 American Sign Language gestures from images. To extract features of gestures and hands, they used this technique. Then they multiplied the two elements, thereby improving their recognition capabilities. They utilized the ASL dataset for training and evaluation, which contained 87,000 colored images of various hand postures and lighting conditions.
The researcher [17] proposed a vision-based image recognition algorithm. The researcher adopted the Transfer Learning technique to recognize the thirty-two signs available from the Arabic Sign Language Dataset. He utilized a pretrained deep learning model called EfficientNetB4 which is able to consider the variations of different signing styles and feature extraction using hand gestures. The used dataset contains 54,049 RGB images of 40 different people to capture variations in illumination and camera position. The maximum accuracy obtained was 95%.

Authors [18] have introduced the development of a real-time fingerspelling recognition method by applying a 2D deep CNN where two streams were utilized for feature extraction. They created a method for extracting spatial-temporal features from gestures, thus helping the deaf population in their day-to-day tasks. They employed a dataset for training and validating their model by including many gestures collected in different environments. Their proposed method excelled over other machine learning methods and exhibited high accuracy, especially with the expansion of the amount of data.

The Author [19] developed a method that could translate fingerspelling from American Sign Language into text and speech in real time using a CNN. The researchers preprocessed the hand images before feeding them into the CNN to improve classification accuracy.
They employed an ASL dataset to train and test their model.

The authors [20] introduced a new approach for image-based semantic communications tailored to the transmission of American Sign Language. The application of the encoder-decoder algorithm helped to represent ASL images using semantic feature vectors to compress data. The dataset was used to test the system’s capability of reconstructing images under noise influence. As was found, the suggested system for semantic communications performed better than communication systems in terms of maintaining structure and recognition rates with significantly smaller

The author [21] conducted an extensive analysis of sign language recognition based on vision technologies and examined various approaches. The researcher examined the images from the perspective of preprocessing, feature extraction, and classification techniques to overcome the communication barrier.
The researcher studied the methodology and datasets that are currently being used. The datasets contain sign languages like ASL and ISL.
The results were then shared, and it is evident that deep learning techniques achieved the performance level.

The researchers [22] introduced a new model for recognizing ASL gestures using complex data representation. The researchers suggested the use of the Complex Zernike moments algorithm for efficient feature extraction. A new algorithm was designed by the researchers called the Complex-valued Deep Neural Network algorithm. The algorithm was used on the three benchmark datasets. These datasets include the ASL dataset containing several thousands of images.
The algorithm achieved an accuracy rate of 98.67%.

The authors [23] suggested an advanced model that would identify and create ASL through a CNN. The researchers employed deep learning methods to create and identify ASL signs. The method involves the processing of images using multiple levels of a CNN. In doing so, the researchers ensured that the system could accurately extract features from images without considering lighting conditions or skin colors. The researchers relied on a data set consisting of 25,000 images representing hand gestures associated with each of the 26 letters of the alphabet as well as commonly used words.
This created model achieved a remarkable accuracy rate of 98.4% in its training phase, thus enhancing communication between deaf and hearing individuals.

A researcher [24] has suggested a method that is based on the use of a Convolutional Neural Network for Arabic Sign Language recognition, and to produce speech. This particular researcher has designed an architecture that uses multiple layers of the Convolutional Neural Network to recognize speech and generate speech. This allows for automated extraction of features from images. A researcher has taken into consideration a set of images for speech production purposes.
The output of the researcher's research work shows that 90% accuracy is achieved in speech recognition and generation using Convolutional Neural Network.

The researchers [25] introduced a new approach to classify American Sign Language using Convolutional Neural Networks for finger spelling. In this research, the researchers compare two deep learning approaches, ResNet50 and DenseNet121, for American Sign Language classification using Convolutional Neural Networks. The researchers used various methods of data splitting, such as 70:30, 80:20, and 90:10, to test the performance of the model in hand gesture classification. The publicly available data set of American Sign Language from Kaggle was used in their research, which contains 24 classes of static hand gestures (the letters 'J' and 'Z' were excluded from the data set because of the hand movement involved in those letters). The researchers conducted their study.

The authors [26] proposed a gesture recognition system aimed at one practical problem: deaf users need tools that actually keep up with real conversation. They used YOLOv3 with DarkNet-53 for feature extraction. The dataset was collected from scratch, 2,000 images total, which isn't huge. Still, the model landed at 97.68% MAP. More importantly, it ran faster than SSD and Faster R-CNN while sacrificing little in accuracy. 
For something meant to work in live communication, speed matters as much as getting the gesture right.

The authors [27] proposed an ASL recognition system that kept the architecture relatively simple: a CNN implemented in Keras and TensorFlow, fed with webcam frames. Before classification, images were converted to grayscale. That strips out color noise and keeps the model focused on hand shape, which is really all that matters here. The training data was solid, with 25,110 images covering all 26 letters and the digits 0 through 9. The model hit 99% training accuracy and 98% on testing. The gap between those two numbers is small enough that overfitting doesn't seem to be a serious concern.

The author [28] proposed a YOLOv5-based recognition system after finding that conventional models failed under messy background conditions. The single-pass detection approach handles identification and classification together, which cuts processing time. Data came from Roboflow, but the team added their own images on top to make the training set more representative. The accuracy comparison is worth noting: their model reached 88.4%, while a standard CNN on the same task only managed 52.98%. That gap is too wide to explain away as noise. It suggests detection-based framing suits this problem better than classification alone.

The authors [29] proposed ASLR-Net, a CNN designed to handle the inconsistencies that break most gesture models outside lab conditions. Lighting changes, slight angle shifts, background clutter augmentation during preprocessing was how they addressed all of that without collecting an enormous dataset. The ASL alphabet dataset gave them enough material to make augmentation worthwhile. Final accuracy came in at 98.5%. What stands out isn't just the number but the fact that it held up under conditions the model hadn't explicitly been trained on, which is usually where these systems quietly fail.

The authors [30] proposed a CNN system built to recognize sign language from video rather than still images, which is a harder version of the problem. Static gesture recognition is one thing, but continuous motion across overlapping introduces timing, overlap, and transition issues that don't exist in single-image setups. The dataset was video-based, covering a variety of hand shapes and motions to reflect how signing looks in practice. Preprocessing standardized the frames before they hit the classifier. The system tracked hand movement accurately across live sequences, which is a more meaningful result than achieving a high score on a clean-image benchmark.




	Reference
	Years
	Strong
	Limitations
	Datasets
	The Best models
	Results
	Link of Dataset

	[16]
	2025
	Attained a near-perfect accuracy of 99.97%
	Focused only on static images
	ASL Alphabet
	The Hybrid Transformer-CNN model emerged
	Accuracy = 99.97%
	https://www.kaggle.com/grassknoted/asl-alphabet

	[17]
	2022
	High efficiency in handling complex images
	Required high computational power
	ArSL2018 dataset
	EfficientNetB4 model
	Accuracy = 95%
	https://www.kaggle.com/code/zssash/arabic-sign-language-image-classification/input

	[18]
	2024
	Model integrated advanced feature extraction
	Required a large volume of training data
	ASL and ISL
	2D Deep CNN
	High accuracy in practical
	Various sign languages (ASL) [35] and Indian Sign Language [36]

	[19]
	2021
	The model integrated a pre-processing filter that improved the accuracy
	Focused mainly on static fingerspelling
	ASL Alphabet
	Convolutional Neural Network (CNN)
	Accuracy = 95.8%
	 

	[20]
	2024
	Achieved high-quality image reconstruction
	Required significant computational overhead
	ASL Alphabet
	Semantic-based Deep Learning model
	Accuracy = 99%
	 

	[21]
	2020
	Provided a detailed taxonomy of recognition phases.
	Complex backgrounds still posed challenges for many systems.
	including ASL, ISL, and TSL datasets
	Convolutional Neural Networks and Hidden Markov Models
	Higher accuracy and robustness in real-world scenarios.
	 

	[22]
	2024
	Attained exceptional accuracy by utilizing complex numbers
	Required specialized mathematical frameworks
	ASL Alphabet
	Complex-Valued Deep Neural Network (CVDNN)
	Accuracy = 98.67%
	 

	[23]
	2023
	Attained high robustness against environmental factors
	Noted the hardware's processing power
	ASL letters and symbols
	Convolutional Neural Network (CNN)
	Accuracy = 98.84%
	https://www.kaggle.com/datasets/datamunge/sign-language-mnist

	[24]
	2020
	Attained a very high accuracy
	Required computational resources during the training
	Arabic Sign Language dataset
	Convolutional Neural Network (CNN)
	Accuracy = 90%
	 

	[25]
	2021
	Attained exceptional results using the ResNet 50
	Excluded the letters 'J' and 'Z.'
	ASL Alphabet dataset
	ResNet 50 model
	Accuracy = 0.999913
	https://www.kaggle.com/grassknoted/asl-alphabet?select=asl_alphabet_train

	[26]
	2021
	Attained high speed and accuracy in detecting
	Required a high-performance GPU
	custom dataset of 2,000 images
	YOLOv3 model
	Accuracy = 97.68%
	 

	[27]
	2020
	Utilized a robust CNN architecture
	Restricted to static hand gestures
	ASL
	Convolutional Neural Network (CNN)
	Accuracy = 98%
	 

	[28]
	2022
	Attained much better results than traditional CNNs
	Precision was recorded at 76.6%, which is lower
	utilized the Roboflow labeled dataset
	YOLOv5 model
	Accuracy = 88.4%
	 

	[29]
	2023
	High performance by utilizing an optimized CNN structure
	Focused on static hand gestures
	Sign Language MNIST dataset
	ASLR-Net (CNN)
	Accuracy = 96.9%
	https://www.kaggle.com/datasets/oladayoluke/enhanced-sign-language-mnist-dataset

	[30]
	2023
	Attained the ability to perform real-time tracking of hand gestures
	The model required a large and diverse collection of video data to improve its accuracy
	ASL alphabet
	Convolutional Neural Network (CNN)
	Attained reliable recognition & higher accuracy
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Experimental Framework: Al Sign Language Recognition for the Deaf and Mute
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How the System Works

The system takes a hand image as input.

It preprocesses the image to isolate
the hand and enhance quality.

CNN extracts features from the image.

The model classifies the sign into one
of 36 classes (0-9, A-2).

‘The prediction is validated using a
confidence threshold and reclassification

The output is corrected linguistically
and converted into words.
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The final recognized text is displayed
as the output.
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