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Abstract

Artificial intelligence (Al) is a major part of technology today. One of its most useful uses is
computer vision. It helps computers understand and analyze visual information, like hand
gestures. Convolutional Neural Networks (CNNs), a type of deep learning model, have made

gesture recognition systems much more accurate.

Sign language is the main way Deaf and Hard-of-Hearing people communicate, but hearing
people don't always understand it, which makes it hard for them to communicate with each
other. Older systems used big, heavy hardware that was hard to use. Newer systems use regular

cameras, which make things easier, but there are still some problems.

This study aims to develop a real-time American Sign Language (ASL) recognition system that

converts hand gestures into readable text. The proposed system is expected.
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Chapter 1: Introduction and Overview

1.1 Introduction

Artificial intelligence (Al) is a big part of modern technology. Computer vision is one of its
most useful applications. It lets machines see and understand how people move their
hands.

These systems are much better at accurately recognizing hand signs thanks to convolutional
neural networks (CNN). This has made it much easier for Deaf and Hard-of-Hearing people
to communicate with others.

The main way Deaf and Mute (D&M) people communicate is through sign language, but
most hearing people don't know how to read it, which makes communication difficult. Old
systems used big hardware that was hard to use and uncomfortable. Some problems still
exist, but newer systems only use a regular camera, which is a much better solution.

The purpose of this study is to develop a system that recognizes American Sign Language
and converts hand signs into readable text. This will help bring the Deaf community and the
rest of society closer together.

1.2 Problem Definition

Sign language is imperative to the Deaf and Mute (D&M) community.

Sign languages, including American Sign Language (ASL), are organized linguistic systems but
pose obstacles to communication for the hearing population, which affects D&M people
across education, health, and social life.

ASL is based on fingerspelling as a way of spelling words, and here it involves relevant
automated recognition of the shapes of fingers to bridge the communication gap.

The hardware sensors were the only basis for building the first-generation motion
recognition systems, and their invasiveness limited their usefulness.

This drawback led to a shift towards contactless, vision-based methods that used ordinary
cameras, but these also faced new challenges, including limited sensitivity to varying
conditions and backgrounds.

Deep learning and Convolutional Neural Networks (CNNs) have assisted in

enhancing the feature extraction of raw images, but there are two significant gaps in the
research: real-time predictions cannot be stable with time, and no linguistic post-processing
processing exists.

New CNN-based systems tend to assign labels to every frame, with classes that are
constantly changing due to the changing environment.

Moreover, they typically lack a post-processing step to correct recognition errors, thus
yielding raw results.

The research aims to develop a web-deployable ASL fingerspelling recognition.

A system that incorporates high accuracy and linguistic error correction for effective
communication within the D&M community.
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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.

1.4 Thesis Contribution

Next Semester.

1.5 Thesis Organization

Next Semester.
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Chapter 2: Background and Related Work

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 Al 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. The chapter attempts to demonstrate
how these ideas can be applied to the needs of system performance assessment. It even
seeks to justify architectural and methodological choices of the next chapter or to place

them in perspective within the existing literature on the subject.

2.1.1 Artificial Intelligence (Al)

Artificial Intelligence (Al) is the study of creating systems that can perform cognitive tasks such
as learning, perceiving, reasoning, and decision-making. Al learns from experience and can

adapt to new situations, unlike traditional rule-based
systems. It uses statistical learning methods to discover
patterns in unstructured data, such as images, audio, and
text. This study utilizes Al to recognize sign language, focusing
on accurately identifying and classifying visual
communication data using advanced machine learning
algorithms and computer vision techniques [1].

2.1.2 Computer Vision (CV)

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].
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2.1.3 Deep Learning (DL)

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 ht
previous computer vision methods for sign language (et
recognition [3].

Fig. 3. Deep Learning (DL)

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].

How CNN Works
Input Image Convolution RelU Activation Pooling Fully Connected Output (Prediction)
@
]
> - L Oy [ cat(0.1)
¢ { I D N\@ "
- / ®) Bird (0.0)
Filters (kernels) slide Adds non-linearity Reduces spatial size Flattens the features
over the image and by applying (e.g., max pooling) and connects to
extract features RelU function and keeps the most fully connected layers
(edges, textures, etc) (max(0, x)) important information for classification

Fig. 4. How CNN Works
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Fig. 5. Convolutional Layers

Activation Function (RelLU)

The Rectified Linear Unit (ReLU) is an activation function that makes CNNs more complex. It
outputs zero for negative inputs and the input value for positive inputs. This helps the
network learn complex patterns quickly and address the vanishing-gradient problem [6].

Pooling Layers
Pooling layers in CNNs reduce the spatial

dimensions of feature maps, lowering 88888 SO g

computational cost and making features 8@@0@ ji o0 008 & e NSy ?_;

more stable. Max pooling, the most QOO 8888 00 -

common type, retains the highest value in OQOOO _ _

local regions, preserving important features e rometen oo

while removing unnecessary information [7]. Fig. 6. Pooling Layers

Fully Connected Layers Q- Q Q , Q

Fully Connected Layers @ o N ” O \

Fully connected layers are used at the final stage of a CNN Q _ (508 RS

to combine extracted features and perform classification. Q0 O

These layers connect all neurons from the previous layer to ; 0 O

generate output probabilities for each class [8]. ; Q 8 : 'O
0 0

Dropout Regu/arizat-jon Fig. 7. Fully Connected Layers

Dropout is a technique to prevent CNNs from overfitting by randomly deactivating some
neurons during training. This makes the model stronger and more general [9].
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2.1.5 Natural Language Processing (NLP)

Natural Language Processing (NLP) is the computational
processing of human language and may encompass tasks such
as tokenization and sentiment analysis. It is not the topic of the
current work, but it gives rise to the subsequent linguistic
process of system outputs. This process enhances the accuracy
of recognition products, which is important in gesture
recognition applications such as text-to-speech and machine
translation [10].

2.1.6 Explainable Al (XAl)

Explainable Al (XAl)

Explainable Artificial Intelligence (XAl) seeks to elucidate Al
decision-making for humans, mitigating the opacity of intricate
models.

Techniques such as class activation mapping and model-
agnostic approaches enhance the clarity of model predictions
by highlighting salient features [11].

2.1.7 Image Preprocessing Techniques

]

MACHINE
LEARNING

Fig. 8. Natural Language Processing (NLP)

Irpiat —

Explainable
Al

Fig. 9. Explainable Al (XAI)\

The quality of input to a convolutional neural network (CNN) classifier is crucial for hand
gesture recognition. To get good results, the image-preprocessing pipeline needs to be well-
organized. This process enhances features and reduces unnecessary variation, thereby
boosting the audience's confidence in the method's ability to improve model performance

[12].

2.1.8 Linguistic Post-Processing

Linguistic Post-Processing is an important step in improving the accuracy and consistency of
gesture recognition systems in real-time applications. It addresses issues such as recognition
failures, differences between human sign language and the American Sign Language alphabet,
and similar characters. This step helps find and fix mistakes by putting the recognition engine in
context. This makes the system's language output more reliable, even when things go wrong

[13].

2.1.9 Evaluation Criteria

The proposed recognition system will use a complex assessment model to measure
performance in multiple ways, particularly for the 36-category American Sign Language (ASL)

gesture classification task [14].
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2.1.10 Accuracy

Accuracy is the most important measure; it is the percentage of correctly predicted cases in the
test set. Despite its usefulness, relying solely on accuracy can be misleading in cases of class
imbalance, as the model may be highly accurate while overrepresenting the more common
classes at the expense of the less common ones. Thus, criteria that assess individual classes are
necessary to have a complete assessment [15].
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2.2 Related Work

Review of Related Work

The author [16] proposed a hybrid model comprising a dual-path Convolutional Neural
Network architecture integrated with a Vision Transformer, which recognized 29 American
Sign Language signs from images. They applied this approach to extract gesture features and
hand details, which were merged using element-wise multiplication to enhance recognition.
They used the ASL dataset for training and testing, comprising 87,000 RGB images with a wide
range of hand poses and lighting conditions.

The hybrid model achieved the highest accuracy, reaching 99.97% when tested on a set of 29
distinct signs.

The author [17] proposed a vision-based recognition system. This system used Transfer
Learning to identify thirty-two signs from the Arabic Sign Language dataset.

They used a pretrained Deep Learning (DL) model, specifically EfficientNetB4, to handle
different signing styles and extract features from hand gestures.

The ArSL2018 dataset, comprising 54,049 RGB images from 40 subjects, was used for training
and testing to ensure a variety of lighting and camera positions.

The model achieved the highest accuracy, reaching 95% across the 32 signs.

The authors [18] proposed a real-time fingerspelling recognition system that utilized a 2D
Deep CNN with two-stream feature extraction. They applied a method to capture spatial and
temporal information from dynamic gestures to improve communication for people who are
deaf or hard of hearing. They used a dataset for training and validation, which included a
variety of gestures recorded in different environments.

The model significantly outperformed machine learning techniques and achieved high
accuracy as data volume increased.

The authors [19] proposed a real-time system to convert American Sign Language
fingerspelling into text and speech using a Convolutional Neural Network. They filtered the
hand images before sending them to the model to improve class predictions. The researchers
used an ASL dataset for training and testing.

The results showed that the model achieved high accuracy in predicting gestures and provided
an effective real-time solution.

The authors [20] proposed a novel system for image-based semantic communications,
specifically designed for American Sign Language transmission. They applied an encoder-
decoder method to transform ASL images into semantic feature vectors, thereby reducing
data size. The researchers utilized the dataset to validate the system's ability to reconstruct
original images even under noisy conditions.

The results showed that their proposed semantic approach outperformed communication
methods, maintaining high structural similarity and recognition accuracy at much lower
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transmission rates.

The author [21] presented a comprehensive review of vision-based sign language recognition
systems and discussed existing techniques. The researcher analyzed the images by considering
preprocessing, feature extraction, and classification techniques to bridge the communication
gap. The

researcher evaluated the methodologies and the datasets that were already in place. The
datasets included sign languages such as ASL and ISL.

The results were presented, and it was clear that the deep learning techniques attained the
performance.

The authors [22] proposed a novel American Sign Language recognition model using complex
data representation. The authors proposed the Complex Zernike Moments technique for
effective feature extraction. The authors proposed a Complex-Valued Deep Neural Network to
effectively process extracted features. The authors applied the Complex-Valued Deep Neural
Network technique to the three benchmark datasets. The datasets included the ASL Dataset,
which contains thousands of images.

The results system attained 98.67% accuracy and computational efficiency.

The authors [23] proposed a comprehensive system for recognizing and generating American
Sign Language (ASL) using a Convolutional Neural Network (CNN). They used a deep learning
technique for the recognition and generation of American Sign Language. This technique
processes images using several layers of the Convolutional Neural Network. This approach
guarantees reliable feature extraction from images, regardless of lighting conditions and
variations in skin tone. The researcher used a dataset comprising 25,000 images depicting
hand gestures corresponding to the 26 letters of the alphabet and frequently used words.
The researcher's model demonstrated a noteworthy training accuracy of 98.4%, thereby
facilitating improved communication between deaf and hearing populations.

The author [24] has proposed a system for recognizing Arabic Sign Language using a
Convolutional Neural Network to generate speech. He has used a specific architecture for
speech recognition and generation, employing several layers of a Convolutional Neural
Network. This has enabled automatic image feature extraction. The researcher has used a
large image dataset to generate speech. This dataset comprises thousands of images to
support data generalization.

The results show that the researcher's proposed model for speech recognition and generation
using a Convolutional Neural Network achieves 90% accuracy.

The authors [25] proposed a Convolutional Neural Network-based system for classifying
American Sign Language finger spelling. The authors compared two deep learning models,
ResNet50 and DenseNet121, for American Sign Language classification using Convolutional
Neural Networks. The authors have used different data-splitting techniques, i.e., 70:30, 80:20,
and 90:10, to evaluate the model's performance in classifying hand gestures. They used a
publicly available American Sign Language dataset from Kaggle, which includes 24 static hand-
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gesture classes (excluding 'J' and 'Z' due to their hand movements). The researchers
conducted their study. The results show that the ResNet50 model with an 80:20 split
outperforms DenseNet121, achieving near-perfect accuracy with higher sensitivity and
precision.

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, totaling 2,000
images, 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
achieved 99% training accuracy and 98% test accuracy. 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
combines identification and classification, reducing 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 achieved 88.4%, while a
standard CNN on the same task achieved only 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, and
background clutter augmentation during preprocessing were 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 that it held up under conditions the model hadn't been explicitly trained on,
which is usually where these systems quietly fail.

The authors [30] proposed a CNN system for recognizing sign language from video rather than
still images, 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 accurately tracked hand movement across live
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sequences, a more meaningful result than achieving a high score on a clean-image

benchmark.
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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
i and ifi

The output is corrected linguistically
and converted into words.

The final recognized text is displayed
as the output.
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